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of Movement Related Self-Efficacy in Chronic
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Abstract—Clinicians tailor intervention in chronic pain rehabilitation to movement related self-efficacy (MRSE). This motivates
us to investigate automatic MRSE estimation in this context towards the development of technology that is able to provide
appropriate support in the absence of a clinician. We first explored clinical observer estimation, which showed that body
movement behaviours, rather than facial expressions or engagement behaviours, were more pertinent to MRSE estimation
during physical activity instances. Based on our findings, we built a system that estimates MRSE from bodily expressions and
bodily muscle activity captured using wearable sensors. Our results (F1 scores of 0.95 and 0.78 in two physical exercise types)
provide evidence of the feasibility of automatic MRSE estimation to support chronic pain physical rehabilitation. We further
explored automatic estimation of MRSE with a reduced set of low-cost sensors to investigate the possibility of embedding such
capabilities in ubiquitous wearable devices to support functional activity. Our evaluation for both exercise and functional activity

resulted in F1 score of 0.79. This result suggests the possibility of (and calls for more studies on) MRSE estimation during
everyday functioning in ubiquitous settings. We provide a discussion of the implication of our findings for relevant areas.

Index Terms— Affective computing, bodily expressions, bodily muscle activity, chronic pain, self-efficacy

1 INTRODUCTION

HRONIC pain is pain that persists in the absence of

tissue damage and is associated with disorder in the
neural system [1]. It is a prevalent condition affecting
over 19% of adults [2][3]. In this condition, pain is experi-
enced even during harmless activities such as everyday
movement [4] making physical functioning challenging
for people with chronic pain. Meanwhile, physical func-
tioning is important given that it represents valued goals,
e.g. employment, family care. In addition, maintaining
physical activeness may over time contribute to a reduc-
tion in the spread of chronic pain. Unhelpful appraisals
such as the perception of functional activities as being the
cause of pain or contributing to its exacerbation is associ-
ated with the persistence of pain that is symptomatic of
chronic pain [5]. Addressing these psychological barriers
to engagement in movement despite pain is at the core of
chronic pain rehabilitation [6]. In this paper, we focus on
movement related self-efficacy (MRSE)-a person’s level of
confidence that they can successfully execute the move-
ments required to perform an activity-which is a key sta-
tistical predictor of elements of physical functioning [7].
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In particular, we investigated the possibility of automati-
cally detecting low MRSE with the long-term aim of de-
signing affect aware technology for physical therapy
coaching.

The classic paper of Bandura [8] proposed that self-
efficacy influences the amount of effort and persistence
that a person will put into the performance of the associ-
ated activity in the face of challenges. Bandura suggested
that a person with low self-efficacy for an activity will
tend to avoid that activity. The study of [7] indeed reveals
a negative relationship between pain based MRSE and
avoidance behaviour in everyday physical activities even
after controlling for pain intensity and other variables
such as chronic pain duration and age. This finding im-
plies that intervention aimed at promoting physical func-
tioning in people with chronic pain needs to address self-
efficacy beliefs. In fact, it is known that clinical interven-
tion in the rehabilitation of people with chronic pain ad-
dresses MRSE [9]. For example, [9] found that physio-
therapists adjust the amount and type of positive feed-
back during therapy to a patient’s level of self-efficacy
with the purpose of balancing the provision of encour-
agement with the promotion of independence. The au-
thors also found that physiotherapists tailor the difficulty
and complexity of prescribed physical exercises to levels
of self-efficacy rather than just the person’s physical ca-
pabilities and pain levels.

Following the practice of physiotherapists, the ability
to perceive a person’s MRSE level in an activity could
help physical rehabilitation technology tailor intervention
in the absence of a clinician. Such personalised support
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has the potential to foster the person’s MRSE and in turn
promote engagement in adaptive behaviours and coping
capabilities when confronted with barriers such as pain
[8][10]. In addition, logging pain related behaviours and
beliefs such as MRSE provides opportunity for long-term
self-reflection on the influence of MRSE on movement
behaviour in spite of pain experienced [10]. Logged im-
provement in MRSE could also provide evidence of pro-
gress in capability especially when physical capability
gains are slow [9].

This paper aims to contribute an understanding of how
physiotherapists estimate MRSE through observation,
and to investigate the feasibility of automatic estimation
of MRSE from body movement (including muscle activi-
ty) measurements during physical activity. We carried
out three studies to investigate these questions. In Study
1, we explored how physiotherapists assess MRSE in
people with chronic pain during physical exercises. Our
observers rated the performances of these activities using
three levels of MRSE. They also reported in short answers
the cues they used in making their estimates. Using data
from a full body motion capture system and high fidelity
surface electromyography (sEMG) sensors gathered dur-
ing these physical exercises, Study 2 investigated the fea-
sibility of automatic estimation that mimics physiothera-
pist assessment. In Study 3, we further investigated the
possibility of automatic MRSE estimation based on a min-
imal network of low-cost wearable sensors that track
body movement (with muscle activity) during a physical
exercise type and an associated functional activity.

Before presenting the above three studies, we first pro-
vide additional background on the relationship between
MRSE and physical performance, and review previous
work on human observer estimation of MRSE.

2 BACKGROUND: MRSE AND MOVEMENT

Relationship between MRSE and performance (e.g. in [7]
as earlier mentioned) has been revealed in various con-
texts beyond chronic pain. For example, [11] found bal-
ance self-efficacy to be a predictor of falls, whereas mobil-
ity measures, such as time to complete, posture sway,
knee extension, and hip abduction, objectively assessed
during functional tests were not. In both these studies, [7]
and [11], physical performance and self-efficacy were as-
sessed using self-report.

In [12][13], where MRSE was measured with respect to
specific instances of physical activity, self-report of self-
efficacy was taken before the associated activity perfor-
mance. In [12], performance outcome was measured in a
wrestling match using win/loss scoring and a points sys-
tem based on observation. Similarly, in [13], performance,
measured in a race, was based on finish time and finish
position from the first. Both studies found significant cor-
relation between MRSE and subsequent performance out-
come.

These studies give evidence of a correlation between
MRSE and physical performance. While self-report could
be used to measure a patient’s MRSE during technology-
assisted physical rehabilitation, a growing body of evi-
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dence in affective computing show that similar psycho-
logical measures (e.g., depression [14]) can be estimated
by using behaviour-sensing technology. Such automatic
estimation would allow the computation of MRSE as a
person performs the associated activity, without interrup-
tion or calling attention to the negative elements of the
activity, and providing relatively objective measurement.
It also offers the possibility of providing personalised
support during not only physical exercises but also func-
tional activities. This is pertinent given that recent studies
[9][15][16][17] have shown that it is important to integrate
physical rehabilitation strategies during functioning ra-
ther than just during exercising. In this paper, we mainly
consider exercises but also move a step (in Study 3) to-
wards the context of functioning.

A question to be asked is, what cues could be used to
automatically estimate MRSE? Observer estimation of a
person’s MRSE could provide a unique opportunity to
understand what these cues could be. The only study to
have considered observer estimation of MRSE levels be-
fore ours is [18]. In contrast to our more clinical interest,
the authors considered child athletes performing gymnas-
tic routines. They used observers from their research
team, physical education teachers, and the subjects” peers.
The observers were instructed to rate three levels of
MRSE-"1 for ‘moves confidently’, 2 for ‘gives mixed signs,
displaying signs both of confidence and lack of confidence’, and
3 for ‘does not move confidently’” [18](pp. 467-468)-of indi-
vidual subjects by looking at videotaped gymnastic per-
formances of the subjects. The authors were interested in
assessing the consistency of MRSE ratings made on dif-
ferent occasions by the same observers in addition to con-
cordance between different observers. Thus, each observ-
er repeated the same ratings a week later with access to
notes of cues they had taken in the first round. A high
rating consistency was found within and between observ-
ers, with absolute agreement, average measures intraclass
correlation ICC = 0.97 [19]. The authors also analysed ob-
server reported cues used in the ratings and found that
observers paid particular attention to: 1) movements per-
formed to start a routine, such as moving to the appropri-
ate start position or fidgeting, 2) how a routine was per-
formed, 3) timing and sequencing of phases of a routine,
and 4) engagement behaviours of the subjects, such as
looking excessively at the experimenter.

Despite the fact that the work of [18] was not in the
context of rehabilitation, it suggests that behaviour cues
can be used to infer MRSE. Hence, in our first study, we
investigate how physiotherapists infer MRSE in people
with chronic pain during physical activity to understand
how it could be automatically estimated by technology in
this context.

3 STUuDY 1 - OBSERVER ANNOTATION OF
MOVEMENT RELATED SELF-EFFICACY

In this study, we collected observer ratings of MRSE for
recorded physical exercise performances of people with
chronic pain and healthy control subjects to be used as
ground truth for building the proposed automatic MRSE
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assessment system. We also collected cues used by the
observers in their ratings to inform the features to be used
by the system. In this section, we describe our methods
and results, and provide a discussion of our findings.

3.1 Method

3.1.1 Dataset

We used an available dataset from the EmoPain corpus
[20]. The corpus consists of video, inertia based motion
capture, and sEMG muscle activity data of people with
chronic low back pain and healthy control participants.
These data were captured while the participants per-
formed physical exercises that are representative of eve-
ryday physical activities. The corpus does not provide
MRSE labels, making the annotation study necessary to
enable the use of the corpus to build the proposed auto-
matic MRSE detection system.

For the annotation study, we used 421 video clips,
48.2% were of 17 people with chronic pain and 51.8% of
21 healthy control participants, for which the recorded
persons had given consent. Each clip showed either a per-
son with chronic pain or a healthy person, both of whom
we will refer to as ‘subject’, performing Sit-to-Stand, For-
ward Trunk Flexion or Full Trunk Flexion. Each of these
is typical of everyday functioning and is challenging for
people with low back pain [21][22]. In the Sit-to-Stand,
the subject stands up from seated position. The exercise
was performed at two difficulty levels: a subject had to
stand up at his/her own pace (less difficult) or stand up
at the prompt of the instructor (more difficult). In the
Forward Trunk Flexion, the subjects were instructed to
reach as far forward with their trunk as they could while
standing, with their arms horizontal in front of them. In
the more difficult version, the participant also had to hold
a 2-kilogram dumbbell. The two (objective) levels of exer-
cise difficulty for Sit-to-Stand and Forward Trunk Flexion
were only included in this study to maximize the variety
in self-efficacy levels expressed in the exercise instances.
For people with chronic pain, the challenge that an eve-
ryday movement poses is dependent on their emotional
response to the movement, based on previous, current, or
expected pain experience, rather than (solely) on these
difficulty levels [5][8]. For Full Trunk Flexion, the subject
reached down towards his/her toes from a standing posi-
tion, similar to reaching down to pick an object up from
the floor. This activity had only one difficulty level.

Each of the video clips used in the study showed the
ventrolateral view of the full body of a single subject per-
forming one of the activities (in one difficulty level).

3.1.2 Observers

We used physiotherapists as observers (hereafter referred
to as ‘raters’) as they are a key part of clinical teams that
support chronic pain rehabilitation and are experienced
in reading movement behaviour. We recruited 30 UK
physiotherapists whose number of years of physical ther-
apy experience ranged between 1 and 36 years (median =
11.5, interquartile range = 12.75) and with pain manage-
ment experience ranging from less than 1 to 32 years
(median = 5, interquartile range = 6.75). We used a special
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design to assign the video clips in the dataset to the raters
as having each rater rate all of them would have been too
burdensome (about five hours in all). Each of the raters
was assigned an hour rating worth of clips randomly se-
lected such that each of the clips was rated by 4 raters.

3.1.3 Procedure

All raters had to complete a pre-annotation questionnaire
where they provided information about their professional
background. They also scored their own levels of confi-
dence (hereafter referred to as ‘rater confidence’) in eval-
uating a patient’'s MSRE. In all our instructions to the
raters, we referred to MRSE as ‘movement confidence’;
this was done to foster consistency between observers,
similar to providing a definition for the term [20][23].

After this preliminary profiling of the raters, they were
asked to look at the set of videos assigned to them and
complete the MRSE ratings for each of the videos. All the
videos were shown mute to compel the raters to use visu-
al cues alone. Similar to [18], for each video clip, raters
rated their estimation of the subject’s self-efficacy for the
performed instance of physical activity as low, medium
or high movement confidence.

In clinical practice, physiotherapists judge MRSE levels
while being physically present with a patient. Given the
different observation setting in this study, we were inter-
ested in understanding if being restricted to observation
via video affected the ability of the raters to estimate
MRSE. Thus, for comparison with the initial self-reports,
rater confidence was again obtained from the raters after
they completed the full annotation. To complement this,
we also asked the raters how difficult they found the rat-
ing of MRSE. Finally, the raters were asked to report the
nonverbal cues that informed their judgements of MRSE.

3.2 Results

3.2.1 Interrater Agreement

We were interested in understanding absolute agreement
between the raters and how much the ratings could be
generalised to one typical rater. This was assessed using a
one-way random, absolute agreement, single measures
ICC. The ICC is a standard method in designs where dif-
ferent sets of raters rated each observation [24].

ICC for Forward Trunk Flexion was in the poor range,
ICC = 0.37 [19]; for Sit-to-Stand, it was in the fair range,
ICC = 0.52; and for Full Trunk Flexion, it was also in the
fair range, ICC = 0.55. Further analysis showed that rating
ties accounted for a large proportion of the lack of con-
sensus with the most frequent tie occuring between the
medium and high MRSE levels.

3.2.2 Cues

We analysed the nonverbal cues that the raters reported
using to assess MRSE so as to inform feature extraction
for automatic estimation as well as to identify themes
within the cues that may have implications for the design
of an automatic observer. 29 of the raters provided 88
cues-one of the raters did not complete the post-
annotation self-report. These cues were reduced to a dis-
tinct set (see Table 1) by removing both literal and seman-



TABLE 1

MRSE CUES REPORTED BY RATERS (DUPLICATES REMOVED)

Cue Extracts Cue Extracts
1 speed 20  unusual pattern
2 speed of starting 21 unnatural poses
3 no hesitation 22 finish position
4 hesitation 23 final posture (if it looked
natural to the subject, i.e. if
looking comfortable)
5 hesitation on initiating 24 length of time pose held
6 smoothness of movement 25  splinting behaviours
7 general look of relaxation 26  that they or several partici-
pants repeated movements
8 weight transfer 27  interaction or not with re-
search team
9 ease in which they per- 28  jerky
formed task
10  amplitude of range of 29  compensatory movements
movement
11  amount of movement 30 facial expression
from trunk
12 guarded behaviour 31 blink rate
13 balance saving reactions 32 how present they looked
whilst doing it
14 willingness to move 33  avertal gaze
15  through sequencing 34  looking down at assesors,
equipment
16  balance and alignment 35  looking down at themselves -
reassurance
17 quality of movement 36 if they scanned environment
around them
18  global efficiency 37  start
19  symmetry 38  observing initiation of
movement
TABLE 2

THEMES THAT EMERGED FROM THE MRSE CUES REPORTED
BY THE RATERS

Number
Cue Themes of Table 1 Cue Identifier in Table 1
Cues

Expression Modalities of Cues
Body 28 1-21, 23-29
Face 5 7,27,30-32
Head and/or eyes 5 27,33-36
Behaviour Elements of Cues
Movement behaviour

movement preparation 2 4-5

movement performance 20 1-3, 6-13, 16-19, 24-26, 28-29

movement conclusion 2 22-23
Engagement behaviour 5 27,33-36
Facial expressions 30
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tic duplicates. We then applied thematic analysis [25] to
identify patterns in this set. Two salient themes emerged
from our analysis of the final set of cues (see Table 2).
These themes are discussed in the rest of the sub-section.
We will present extracts from the rater reports in double
quotation marks followed by our identification number
for the respective rater, written in the format ‘R#” where #
is a number between 2 and 30, in parenthesis.

Expression Modalities of the Cues

This category highlighted the fact that physiotherapists
used cues from different modalities (body, face, head,
eyes) to assess a person’s MRSE, although a few cues (e.g.
“start” (R10)) could not be tied to any specific modality.
Tables 1 and 2 show the variety of cues used by the phys-
iotherapists. Bodily cues were the most frequently used
whereas only a few 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 [26][27]. It is understood that observers tend to
assess bodily expressions (more than facial expressions)
when the actions (or the readiness to respond to an affec-
tive experience), rather than just the mental state, of a
subject are to be judged [26]. Furthermore, subjects are
predisposed to bodily expressions when they are chal-
lenged with feared stimuli as they are motivated towards
behaviour that avoids or mitigates perceived harm. In
particular, [28] found that people with chronic pain were
more likely to express bodily pain behaviours when faced
with challenging physical activity. This is in contrast to
facial and verbal expressions, which were more used to
communicate pain to an empathetic third party.

Elements of Behaviour specified by The Cues

Beyond the modality that the cues referred to, patterns
were also found to form according to elements of the be-
haviour that the cues specified. Three main elements of
behaviour were described by the reported cues. The ma-
jority were movement behaviour cues as can be seen in Ta-
ble 2. The movement behaviour cues extend through all
the parts of the movement: “in preparation for movement’,
‘during movement performance’, and ‘at the conclusion of
movement’. However, most of the cues used referred to
‘during movement performance’. Another aspect of behav-
iour that emerged is the engagement behaviour of the sub-
jects. Raters noted whether the subject looked around the
environment, at themselves, or towards or away from the
experimenter. The value of the engagement behaviour as
a cue of MRSE corroborates the finding of [18]. Finally,
facial expressions were also reported, although only one
rater elaborated on the specific facial expression they
used: “... grimace” (R10).

3.2.3 Rater Confidence

29 of the 30 raters provided rater confidence scores before
and after completing ratings of MRSE. As can be seen in
Table 3, the majority of the raters had high confidence in
their ratings even after completing the annotation, with



OLUGBADE ET AL.:
ERCISE TO FUNCTIONAL ACTIVITY

the majority reporting low levels of difficulty in complet-
ing it. In fact, although a Wilcoxon Signed Rank Test re-
vealed a statistically significant reduction in rater confi-
dence after the annotation task (z=-2.461, p<0.05, with a
medium effect size r=-0.32), the median (= 4) remained
the same. As can be expected, using Spearman Rank Or-
der Correlation, we found a strong, negative correlation
between rater confidence post-annotation and levels of
rating difficulty, rho=-0.755, n=29, p<0.0001, with high
levels of rating difficulty associated with lower rater con-
fidence. We also found significant correlation between the
difference in rater confidence before and after the annota-
tion and the rating difficulty scores, rho=-0.451, n=29,
p<0.05. This suggests that the slight drop in rater confi-
dence may be associated with the perceived level of diffi-
culty of the rating task. The perception of difficulty may
be related to the difference between typical clinical set-
tings, where MRSE levels are judged while being physi-
cally present with a patient, and the annotation settings,
as mentioned in Section 3.1.3.

3.3 Discussion

An important finding from this study was that although
physiotherapists seem to use cues from a combination of
visual modalities to judge MRSE while observing subjects
during physical activity, they rely more on body cues. As
suggested by [29], bodily cues were either a modulation
of movement, such as speed and smoothness, or auxiliary
to movement, e.g. “general look of relaxation” (R3), “in-
teraction or not with the research team” (R25). We found
majority of the cues to be modulations of movement. As
discussed earlier, the significance of bodily cues may re-
sult from their place as part of adaptive actions (such as
in “splinting behaviours” (R25), “compensatory move-
ments” (R28)) intended to protect from pain [26][28].

Despite physiotherapists not having complete agree-
ment in rating MRSE, the agreement was no worse than
for expert observers in similar affective computing inves-
tigations [20][23][30] especially where naturalistic scenar-
ios are considered. Indeed, when comparing the agree-
ment observed in our study with the one reported in [18],
we should consider that the physical activities performed
by our subjects were not part of a (sport) choreography,
making the evaluation more subjective. In addition, un-
like our study, the instances annotated in [18] had been
pre-selected based on initial rating by the researchers alt-
hough it is not clear what this entailed. It should also be
noted that we used the single measures ICC which is
stricter [31] than the average measures used by [18].

Finally, we found that disagreement in MRSE ratings
was most likely between medium and high levels. The
fewer ties with the low MRSE level may indicate that low
level MRSE is characterised by more precise cues (e.g.
cues 4-5, 12-13, 20-21, 25, 28-29, 33, and 35 in Table 1),
which would facilitate reliable identification of the level.
In contrast, other cues such as cues 1-2, 6, 9-10 require
comparison to a (subjective) definition of a baseline or
standard.

Our findings support body movement as the modality
for our subsequent investigation of automatic MRSE level
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TABLE 3
RATER CONFIDENCE AND RATING DIFFICULTY
Number of Raters
Scale Rater Confidence Rating Difficulty
Pre-Annotation| Post-Annotation
notatall O 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 1

detection. In our study, we particularly focus on cues in
the ‘during movement performance’ phase. This initial choice
is further justified by the fact that, unlike in exercise set-
tings where physical activities are segmented (i.e. with
clear beginning and ending), in everyday contexts, the
margins between consecutive activities are vague. We
describe the developed automatic MRSE level detection
system in the rest of the paper; but first, we review litera-
ture on affect detection in the context of pain.

4 BACKGROUND: AUTOMATIC DETECTION OF PAIN
RELATED AFFECT FROM MOVEMENT

Despite the face still receiving more attention than other
affective channels in building affect aware systems (e.g.,
[32][33][34]), the emergence of low-cost movement sens-
ing technology is increasingly leading researchers to tar-
get movement as an affective modality, including in clini-
cal contexts. Beyond work aimed at assessing affective
states during sedentary clinical settings [35], there is also
a growing interest in their assessment during physical
activity and in situ [36]. Still, to our knowledge, only [37]
has attempted to develop a model for automatic MRSE
estimation. Their work aims to quantify MRSE in the el-
derly during exercises in the home. However, their ap-
proach assumes that MRSE can be mathematically calcu-
lated from quantifications of Bandura’s main self-efficacy
factors [8]: performance outcome of the self, performance
outcome of an observed peer, intervention, and affective
experience. Unfortunately, there is no empirical evidence
to support their calculation, and there was no attempt to
verify that their model does indeed relate to MRSE.

More relevant to our work, [20][38] examined the au-
tomatic detection of guarding behaviour in exercise per-
formances of people with chronic pain. In their study,
guarding behaviour was rated by clinical observers. La-
bels derived from these ratings were used with both ob-
servable bodily expression features, consisting of ranges
of full body joint angles and joint energies, and bodily
muscle activity information to investigate the automatic
detection functionality. They achieved an average F1
score of 0.76 for guarding [38], in contrast to ‘not guard-
ing/, in two movement types. Although their work ad-
dresses the detection of pain behaviours that may corre-
late with levels of MRSE, they focused on a specific set of



pain behaviours namely: stiffness in movement, bracing,
and rubbing [20], but not MRSE. While a relation may
exist between these behaviours and MRSE, the behav-
iours are a result of a variety of factors (including pain
and related fear [5]).

A growing body of work has aimed to automatically
infer self-reported pain levels rather than pain related
observed behaviour (e.g. guarding). Among the most re-
cent works are the studies of [39] and [40][41]. Using, mo-
tion capture sensors mounted on screws inserted in the
spine during surgery, [39] automatically classified 11
points of pain intensities of people with chronic pain with
maximum error of 0.25 points. Using less invasive weara-
ble motion capture and muscle sensors, [40][41] classified
two levels of pain within the chronic pain group in addi-
tion to a healthy control group with a mean accuracy of
0.87 over three sets of physical exercise types. Though
these works do not investigate MRSE, they provide suffi-
cient evidence of the informative power of body move-
ment features for assessing subjective experiences.

In the following sections, we describe two studies we
carried out to assess the feasibility of automatic MRSE
level detection from bodily cues, including muscle activi-
ty features. In Study 2, our investigation is based on phys-
ical exercise performances, using a subset of the EmoPain
dataset used in Study 1. We extended this in Study 3 by
investigating the feasibility of automatic MRSE level us-
ing a new corpus of data (named Ubi-EmoPain) acquired
with a reduced set of sensors and including functional
activity.

5 STuDY 2 - AUTOMATIC DETECTION OF MRSE
LEVELS

Following from the annotations obtained in Study 1 and
the understanding of MRSE cues gained from the study,
we investigated the automatic detection of levels of self-
efficacy for physical exercises instances, from body
movement behaviour during their performances. This
study is based on data acquired using commercial full
body motion capture (comprising 18 sensors) and (set of
4) sEMG sensors.

5.1 Method

5.1.1 Dataset

We used data from the EmoPain corpus [20] labelled with
the MRSE ratings obtained in Study 1 for automatic detec-
tion using the instances without rating ties and instances
for which the four raters were not split between all 3
MRSE levels. This resulted in a subset of 287 instances in
total for the 3 exercises.

We recomputed the ICC to verify the reliability of the
MRSE ratings in this subset. For Sit-to-Stand and Forward
Trunk Flexion, the agreement values improved from poor
and fair ranges to the good range, ICC = 0.67 and 0.66
respectively. It improved from the fair range to the excel-
lent range for Full Trunk Flexion, ICC = 0.84 [19].

To define the ground truth, for each instance, we com-
puted the mode of the physiotherapist ratings (note that
the modal and the median ratings were the same for all
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the instances).

We used the motion capture and sEMG data of the
EmoPain corpus, corresponding to the aforementioned
ratings to derive features for automatic detection. The
EmoPain motion capture data [20] comprises three-
dimensional positions of 26 full body joints (see Table 4’s
Joints Map). These were captured at 60Hz using the Ani-
mazoo IGS5190, based on a network of 18 gyroscopes. The
BTS FreeEMG300 wireless sEMG was used to track mus-
cle activity at 1000Hz. The muscle activity data are upper
envelopes of rectified sSEMG profiles (with baseline of 0
for each subject) captured bilaterally from the trapezius
and L4/5 lumbar paraspinal muscles (Table 4’s Muscles
Map) [20].

As a result of unavailability of motion capture and/or
sEMG data due to unexpected disconnection in the data
capture software during data capture, some instances had
to be excluded. This led to a dataset of 20 instances of
Forward Trunk Flexion from 7 chronic low back pain and
9 healthy participants, and 63 instances of Sit-to-Stand
from 11 chronic low back pain and 8 healthy participants.
There were only six instances of Full Trunk Flexion so the
instances for this movement type were not included in
our analysis.

5.1.2 Feature Extraction

A total of 29 features (per exercise instance) were extract-
ed from the motion capture and sEMG data, based on the
cues used by physiotherapists in Study 1. A list of the
features and our computation of each are given in Table 4.

Speed was the most frequently reported cue and we
extracted the mean speed of the hands, legs, shoulder,
and trunk to characterise it. Speed was computed as the
Euclidean distance between succeeding positions in a
three-dimensional coordinate system. Fluidity or
smoothness was the second most frequently reported cue
and so we also extracted this feature. We derived the flu-
idity of a movement as a vector of the individual smooth-
ness indices of joints involved in the movement [42]. The
smoothness index of a joint during a movement was
computed as the spectral arc length of the movement
speed profile of the joint during the movement [43]. This
was computed for hand, legs, shoulder, and trunk joints.
Range of movement was another cue important to the
observers. To characterise this, we used 13 features repre-
senting ranges of full body joint angles. The computation
of these angles came from the work of [20]: each angle
was computed as the acute angle of a joint with respect to
two other joints. These angles were calculated for the pel-
vic, knee, neck, elbow, and collarbone joints. Since
“guarded behavior” was another cue that emerged from
Study 1, we used features proposed in [20] for the auto-
matic detection of guarding, however we did not classify
guarding per se. In addition to the range of joint angles
earlier mentioned, the authors used joint energies and
mean muscle activity as features. Thus, we extracted the
sum of joint energies as the sum of the squares of angular
velocity for each of the 13 joints with range of angles ex-
tracted, based on the algorithm of [44].
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TABLE 4
AUTOMATIC DETECTION FEATURES

ID Features Formulae Maps
T
Y sy 2 2 2
S- | Joint speed t=2 =l £ - +|f, —f £ -f vt Joints Ma
T ° o X ve Yea ) | 7 4
1| hands (mean of left and right) left hand f= {17}, right hand f = {22}
2 | lower legs (mean of left and right) left lower leg f = {3}, right lower leg f = {8}
3 | upper legs (mean of left and right) left upper leg f = {2}, right upper leg f = {7}
4 | shoulder f={14}
5| trunk f={13}
. Joint angles range . B 1 Hat * th
R (wrt = with respect to) maxg-mng g=|tan aeb | vt
tot
6 | pelvic wrt head and left foot a={26}-{1}, b={4}-{1}
7 | pelvic wrt head and right foot a={26}-{1}, b={9}-{1}
8 | pelvic wrt trunk and left knee a={12}-{1}, b={3}-{1}
9 | pelvic wrt trunk and right knee a={12}-{1}, b={8}-{1}
10 | left knee a={2}-{3}, b ={4}-{3}
11 | right knee a={7}-{8},  b={9}-{8}
12 | leftelbow a={15}-{16}, b={17}-{16}
13 | right elbow a={20}21}, b={22}-{21}
14 | left shoulder (protraction) a={24}-{14}, b={15}-{14}
15 | right shoulder (protraction) a=1{24}-{19}, b={20}-{19}

16 | left shoulder (abduction/adduction) a={16}-{14}, b={2}{14}
17 | right shoulder (abduction/adduction) |a={21}-{19}, b={7}-{19}

18 | neck a={26}-{24}, b={13}-{24}
2
E- T . .
19 Sum of energies | X |g -9 g = smoothed g
vg | poptt t-l
T ( T
Y- 2 {14}X - {19})( 2 {14}Z - {19}Z
20 Symmetry o1 t t t1 t t
+
T T
-
Zh
M- | Mean muscle activity t=1 t
T
21| right lower h=EMG1
22 | left lower h =EMG2
23 | right upper h=EMG3
24 | left upper h =EMG4
2
Kczil ! (A\‘/) N =V -V -1, ke[l,K-1]
- + , =V, -V, -1, ke[l,K-1],
o1 Lk, -1 k Kk~ 'k 'k
s, 0<t<T-1
. Vi
Vv, = , Vo= |fft ,kel[0,K-1], =
F- | Joint fluidity [43] KTy ok | (Szp)) k=K1 s, Muscles Map

K¢ = discrete time Fourier transform index that corresponds to cut off frequency,

roundup (Iog2 T)+4
fft = K — pointfast fourier transform, K = 2

25 | hands 5=5-1
26 | lower legs s=S-2
27 | upper legs 5=S-3
28 | shoulder 5s=5-4
29 | trunk 5=S-5

t=1, ..., T (the number of frames); num=1,2,...,26;#=1,2,3,4
{num} = profile of the three-dimensional position of the joint labelled as num in the Joints Map between time t=1 and time t=T
{num}x = x-component of {num}; {num}y = y-component of {num}



We also extracted the mean muscle activity for each of the
four tracked muscles. Finally, we characterised sym-
metry, another cue from Study 1. For this, we extracted
the amount of dissymmetry, as the sum, for the coronal
and axial planes, of the mean distance between the left
and right collarbone joints along those axes. As these fea-
tures used were not dependent on lengths of anatomical
segments of the subjects, subject-dependent feature nor-
malisation was not necessary.

5.1.3 Classification

The aim of the study was to automatically detect three
levels of MRSE: low, medium, and high MRSE. In the
study, automatic detection investigation was done sepa-
rately for the two movement types (Sit-to-Stand and For-
ward Trunk Flexion) as we expected that discriminative
MRSE features will differ between them. Although inter-
esting, we did not consider further separation by exercise
difficulty level due to the size of the dataset, and as pre-
viously mentioned, our interest is in automatic detection
of MRSE levels regardless of objective difficulty levels of
the movements. As classification is the typical approach
used with (a small number of ordinal) discrete labels, we
treated the automatic detection problem as a three-label
classification problem. We used two standard classifica-
tion algorithms that have shown to be effective in the dis-
crimination  of  bodily  expressions, e.g. in
[35][38][45][46][47][48]: Random Forest (RF) and Support
Vector Machine (SVM).

The RF is a multi-label classification algorithm that us-
es an ensemble of decision trees [49]. The RF we used in
this study is a balanced Random Forest, which deals with
imbalance in data by forcing oversampling of the minori-
ty classes and undersampling of the dominant classes
[50]. We implemented this in MATLAB 2016a using the
Treebagger function. We used grid search to set the hy-
perparameters for the RF: 50 trees for both Forward
Trunk Flexion and Sit-to-Stand and one feature used to
split each node for Forward Trunk Flexion but the square
root of the size of the feature set for Sit-to-Stand.

The SVM, on the other hand, uses a hyperplane of
maximum separation (with some allowance C) between
two classes for classification [51]. We used a multi-layer
SVM similar to [40][41] such that a first SVM, SVM1, was
used to discriminate between high MRSE and lower lev-
els of MRSE and a second SVM, SVM2, was used to fur-
ther differentiate the latter as either low or medium
MRSE. To deal with class imbalance with the SVM, we set
the regularization parameter C to be rescaled such that it
is higher for the minority class, forcing the hyperplane
away from this class [52]. We also implemented the SVM
in MATLAB 2016a, using the svmtrain function; grid
search was used to find the optimal hyperparameters. For
Forward Trunk Flexion, the optimal model was a linear
polynomial SVM with C = 0.01 and 10 for SVM1 and
SVM2 respectively. C = 10 was the optimum for the two
SVMs of Sit-to-Stand; the optimal kernels for SVM1 and
SVM2 were polynomials of degrees 1 and 3 respectively.

We used leave-one-subject-out cross-validation to
evaluate the classification models to ensure generalisation
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capabilities to unseen subjects, as is standard in affective
computing.

5.1.4 Feature Subset Selection

We were interested in optimising the feature set for two
reasons: i) to maximise classification performance, and ii)
to minimise the number of channels to be tracked for au-
tomatic detection. The latter will augment the feasibility
of automatic MRSE level detection in ubiquitous settings
as it would minimise the amount of sensors that the user
needs to wear for MRSE monitoring. To achieve this, we
performed feature subset selection on the feature set.

We used two approaches for selection. On one hand,
we employed traditional statistics using linear mixed
models, a standard method for understanding inter-
variable relationships with repeated measures, with boot-
strap size of about 1000. This was done using IBM SPSS
Statistics 22. We also used a wrapper based selection,
which is standard in machine learning. Wrapper based
algorithms have the advantage of tailoring selection to the
specific classification algorithm to be used [53]. In addi-
tion, they take into consideration the interaction between
multiple features. The selection algorithm we used was a
breadth-first tree search. To reduce the running time of
the search, rather than an exhaustive search, each tree
node was visited only if the node had a better value (i.e.
classification performance) than its parent. This is similar
to the Branch and Bound method of [54] where a node is
visited only if its value is higher than a set bound based
on the assumption that the successors of a node will do
no better than the node. While this assumption does not
always hold true, it allows faster discovery of a feature
subset smaller in size than and at least as good in classifi-
cation performance as the original feature set. To further
reduce the running time of the algorithm, each node was
also required to be of the best n=200 of its peers-other
nodes in the tree whose parents have been visited-to be
visited. When the additional criterion was enforced, peer
nodes were visited, if they met it, in decreasing order of
their values.

Feature selection was done using leave-one-subject-out
cross-validation, i.e. each feature subset’s superiority
(over its parent) was determined by cross-validation. The
cross-validation was done over the whole dataset, as the
limited size of the dataset did not permit the use of a val-
idation set completely separate from the set used for
evaluation. Once the featured had been obtimized, a sec-
ond cross-validation was run to evaluate the efficiency of
the optimized model.

5.2 Results

In this section, we present the automatic detection per-
formances, with each result based on aggregation of the
automatic detection outputs from all folds. We also dis-
cuss the findings from the feature subset selections.

5.2.1 Classification Performance

As can be seen in Table 5, for both the RF and the SVM,
classification of MRSE levels for the Forward Trunk Flex-
ion exercise was well above chance level. Using the linear
mixed model selection of features from the original set
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TABLE 5
MRSE DETECTION PERFORMANCE

FORWARD TRUNK FLEXION

RF SVM
ALL LMM W ALL LMM W
F1 low 0.80 0.55 0.73 0.73 0.83 1
F1 medium | 0.63 0.47 0.84 0.67 0.75 0.95
F1 high 0.55 0.67 0.80 0.73 0.83 0.91
average F1 0.66 0.56 0.79 0.71 0.80 0.95
accuracy 0.65 0.55 0.80 0.70 0.80 0.95
SIT-TO-STAND
RF SVM
ALL LMM W ALL LMM W
F1 low 0.60 0.89 0.73 1 1 1
F1 medium | 0.47 0.46 0.54 0.32 0.63 0.57
F1 high 0.79 0.74 0.82 0.59 0.81 0.76
average F1 0.62 0.70 0.70 0.64 0.81 0.78
accuracy 0.68 0.67 0.73 0.52 0.76 0.71

ALL = all 29 features, LMM = linear mixed model selected features, W = wrap-
per based selection of features

TABLE 6
CONFUSION MATRICES USING THE WRAPPER BASED SELECTED
FEATURES

FORWARD TRUNK FLEXION - SVM

Automatic Classification
MRSE LEVEL low medium high
- low 5 (100%) 0 (0%) 0 (0%)
c <
g 2 medium 0 (0%) 9 (90%) 1 (10%)
© high 0 (0%) 0 (0%) 5 (100%)
TABLE 7
CONFUSION MATRICES USING THE WRAPPER BASED SELECTED
FEATURES
SIT-TO-STAND - RF
Automatic Classification
MRSE LEVEL low medium high
- low 4 (100%) 0 (0%) 0 (0%)
c £
3 2 medium 3 (15%) 10 (50%) 7 (35%)
© high 0 (0%) 7 (18%) 32 (82%)
SIT-TO-STAND - SVM
Automatic Classification
MRSE LEVEL low medium high
- low 4 (100%) 0 (0%) 0 (0%)
c
3 2 medium 0 (0%) 12 (60%) 8 (40%)
© high 0 (0%) 10 (26%) 29 (74%)
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improved the classification performance of the SVM
model while it generally worsened it in the RF model. On
the other hand, the wrapper based selection of features
resulted in higher classification performance in both the
RF and SVM models. For the RF model, classification was
improved by about 20% average F1 score while it was
improved by about 34% average F1 score for the SVM
model. In fact, as can be seen in Table 6, for the SVM, the
wrapper based search feature subset resulted in near-
perfect classification where only one instance was mis-
classified. Unsurprisingly, as this matches the trend
found in the observer estimations, the misclassification is
a medium MRSE instance misclassified as high MRSE.

For Sit-to-Stand, classification performance was better
than chance level except for the SVM classification of the
medium level MRSE using the non-optimised feature set.
This improved considerably with feature subset selection
especially with the SVM. Using the wrapper based selec-
tion, for both the RF and SVM, there was perfect recall of
the low class as can be seen in Table 7. In contrast, both
precision and recall were poorest for the medium class
with both algorithms. Majority of the misclassifications of
medium MRSE was with high MRSE. This is similar to
the finding with human observers in Study 1. The Sit-to-
Stand is a complex movement not only because it in-
volves coordination between several joints [55], but also
due to the dependence of this coordination on contextual
information particularly the height of the seat with re-
spect to the subject’s height and initial feet positions [22].
This complexity may account for the higher difficulty in
automatically discriminating between medium and high
MRESE levels in this movement type compared with the
Forward Trunk Flexion.

Further analysis of the classification performance in
both Forward Trunk Flexion and Sit-to-Stand showed
agreement of the classification models with the human
observers of Study 1 as ICC = 0.96 and 0.69 respectively
for the two movements. This is higher than the level of
agreement found between the human observers them-
selves. Although this comparison is unfair as technology
is trained and tested on a restricted set of data provided
to it, whereas a variety of experiences feed into the
judgement of human observers, still it suggests that the
models have good generalisation capabilities.

5.2.2 Features Analysis

In this sub-section, we report our findings on the discrim-
inative power of the features based on optimisation using
feature subset selection. We refer to the features using the
numberings in Table 4; in our numbering convention, S-#,
R-#, E-#, Y-#, M-#, and F-# refer to speed, range of joint
angles, energy, symmetry, muscle activity, and fluidity
features respectively.

Forward Trunk Flexion

In Forward Trunk Flexion, of the 29 features, only leg
speed features S-2 and S-3, and range of trunk flexion
features R-6 and R-7 were selected using the linear mixed
model method; each of these features was found to signif-
icantly increase in value with increasing MRSE, p<0.05. It
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Fig. 1. Box-plots of the amount of translational movement of the thigh
along the vertical axis in Forward Trunk Flexion for each MRSE level.
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Fig. 3. Knee angle profiles (in degrees) during Sit-to-Stand instances
performed with high, medium, and low MRSE.
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Fig. 2. Forward Trunk Flexion - Relative frequencies of the 29 features in the optimal subsets for the RF (left), SVM1 (middle), and SVM2
(right). The feature ID follows the numbering in Table 4: S, R, E, Y, M, and F = speed, range of angles, energy, symmetry, muscle activity,

and fluidity features respectively.

is not surprising that the range of trunk flexion was found
to be significantly related to the level of MRSE as it is the
challenging element of forward trunk flexion for people
with chronic low back pain [21] and was highlighted by
the observers as a cue they used in their assessment of
MRSE (see Table 1). The role of the speed of the upper
and lower leg joints (and in essence the thighs) as a cue in
Forward Trunk Flexion is on the other hand not immedi-
ately obvious. However, the revealed discriminative
power of the feature suggests that smaller movement, and
so low speed, of the thighs may be related to rigidity and
‘guarded behaviour’, which was reported as a cue in
Study 1 by the physiotherapists. Indeed, Fig. 1 shows that
there was relatively little translational movement of the
thighs in the vertical axis for low MRSE level instances in
contrast with the other levels of MRSE.

The wrapper based selection returned multiple opti-
mal subsets within the search constraints used for each of
the RF, SVM1, and SVM2. For the RF, 101 subsets were
returned. Fig. 2-left shows the relative frequencies of the
features in the subsets. Similarly, 171 and 50 subsets were
returned for SVM1 and SVM2 respectively. Fig. 2-middle
and Fig. 2-right show the relative frequencies of the 29
features in these subsets. For both the RF and the SVM,
the right trapezius muscle activity feature M-23 seems to
be a critical feature, appearing in all the subsets for RF

and SVM2; the hand speed feature S-1 appears to be
about as important.

A three-feature set was the minimal size among the
optimal subsets returned for the RF. There were two such
sets with the combinations: {S-1, R-14, M-23} and {S-1, R-
8, M-23}. The minimal size subsets for SVM1 had two fea-
tures each with the combination: {S-4, R-14}, {R-6, F-25},
and {S-3, R-6}. There were eight minimum sized subsets
for SVM2 with four features each. They all included S-1
and M-23.

Sit-to-Stand

For Sit-to-Stand, range of knee motion features R-10 and
R-11, energy feature E-19, range of elbow movement fea-
ture R-12, and trapezius muscle activity features M-24
were selected using the linear mixed model method. The
first three were found to significantly increase in magni-
tude with increasing MRSE (p<0.01, p<0.05, p=0.001 re-
spectively). Further analysis suggests that people with
lower MRSE tend to start Sit-to-Stand with the feet as far
forward as possible and so do not require as much knee
flexion to complete the movement as those with higher
MRSE (see Fig. 3). This may be a protective strategy
aimed at limiting the amount of flexion necessary in the
lumbar spine. M-24 increased in the order



OLUGBADE ET AL.:
ERCISE TO FUNCTIONAL ACTIVITY

high—low—medium of MRSE level, p<0.01. This trend
may be tied to the aforementioned finding for initial foot
positioning: starting the Sit-to-Stand with the feet far for-
ward (more likely in people with lower MRSE) demands
the use of the shoulders or the use of the arms braced on
the thigh or the seat edge in pushing up in seat off. This
may also explain the finding of significant increase in
range of elbow movement with decrease in MRSE level
(p<0.01).

There was only one optimal feature combination found
for the RF and it comprised speed, range of motion, ener-
gy, and muscle activity features, S-5, R-18, E-19, and M-
22. Only one optimal subset was also returned for SVM1:
S-2, 5-3, R-7, R-9, R-14, E-19, M-23, and F-28, i.e. speed,
range of motion, energy, muscle activity, and fluidity fea-
tures. In contrast, there were 86 optimal subsets returned
for SVM2; Fig. 4 shows the relative frequencies of the fea-
tures in these subsets. The minimal subsets were of two
features. There were 19 sets.

6 STtuDY 3 - AUuTOMATIC MRSE LEVEL
DETECTION BASED ON A MINIMISED SET OF
Low-COST SENSORS

Our long-term aim is for technology to provide ubiqui-
tous support in physical rehabilitation, which is not just
about physical exercising but rather, is centred around
everyday functioning [10]. The studies of [9][15][16] show
that for people with chronic pain, physical exercises are
mainly integrated into everyday activity (e.g. stretching
to clean a higher shelf, bending to load the washing ma-
chine). Indeed, because people with chronic pain have to
manage limited physical and psychological (e.g. fear of
increased pain, anxiety towards movement) resources,
they tend to save such resources for everyday activities
that are necessary and use these activities as their main
source of exercise. In such everyday settings, it is critical
to use portable, wearable sensing devices rather than a
camera based system or a cumbersome wearable system
(as in Study 2). It is also necessary to understand the fea-
sibility of low-cost systems for mass deployment. Study 3
attempts a first step in this direction.

6.1 Method

6.1.1 Low-Cost Sensing Prototype

We built a custom, wearable sensing prototype that
measures the orientation of anatomical segments and
muscle activity. The sensors we used for our investigation
were the SparkFun MPU9150 integrated triaxial accel-
erometer, gyroscope, and magnetometer board [56] (see
Fig. 5. Top-left) and the BITalino sEMG sensor [57] (see
Fig. 5. Bottom-Left). As the magnetometer is prone to
magnetic interference, we used only accelerometer and
gyroscope data in this study; the use of these for estimat-
ing orientation has been validated in [58][59]. We used a
complementary filter [60] to estimate orientation from
these data locally on an RFduino RFD22301 microcontrol-
ler. The sEMG sensor was used to estimate muscle activi-
ty within +1.65 millivolts range; computation of this was
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Fig. 4. Sit-to-Stand - Relative frequencies of the 29 features in the
optimal subsets returned for SVM2. The feature ID follows the num-
bering in Table 4: S, R, E, Y, M, and F refer to speed, range of joint
angles, energy, symmetry, muscle activity, and fluidity features re-
spectively.

Fig. 5. Top-Left - A motion capture sensing unit (a MPU9150 sensor
and a microcontroller). Bottom-Left - A SEMG sensing unit (a BlTali-
no sEMG sensor and a microcontroller). Right: A participant wearing
4 of the motion capture units (red dots) on the head, the trunk, the
right upper and lower leg, and 2 of the SEMG units (blue dots) on
the arm with electrodes attached to the right trapezius muscle and
on the trunk with electrodes attached to the right lumbar paraspinal
muscle.

also done locally on the microcontroller. For data collec-
tion, each of the motion capture and sEMG sensing units
were fitted into box enclosures of size 27 x 50 x 75 milli-
metres and weight of 0.030 kilograms. Each orientation
sensing unit with its battery and enclosure packaging
weighed 0.052 kilograms and each sEMG unit weighed
0.069 kilograms with its leads, battery, and enclosure
package. A 3.7 Volts polymer lithium ion battery was
used for each sensing unit. Data from these sensing units
were transmitted via Bluetooth Low Energy (BLE) to a
mobile application we developed. Orientation was rec-
orded at about 45Hz while sEMG was recorded at about
65Hz.
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6.1.2 Dataset

We used the low-cost sensing prototype to acquire a new
dataset (named Ubi-EmoPain) of body movement data
from 12 people with chronic low back pain. The partici-
pants wore units of the prototype while performing a
series of movements, including 4 instances of Forward
Trunk Flexion. Participants were asked to perform each of
these four instances as they normally would rather than
through a prescriptive model. They were also instructed
to only reach as far forward as they were able to. Two
versions of this movement were requested: in one ver-
sion (the Exercise) of the movement, participants were
asked to reach forward starting from standing position as
if to reach for a distant object without any restriction on
how this should be executed. There were three repetitions
of the Exercise. In the second version (the Functional),
participants were asked to retrieve an empty cardboard
box from the wall in front of them; the box was attached
to the wall using pressure sensitive adhesive and a table
between them and the wall necessitated stretching for-
ward to reach the box. While the Exercise Forward Trunk
Flexion represents a typical exercise simulating routine
forward trunk flexion in everyday functioning, the Func-
tional Forward Trunk Flexion is a functional activity-
taking an object from a wall-and enables us to investigate
automatic detection in ‘near-wild” settings, a step closer to
everyday scenarios. In [61], people with chronic pain re-
ported being more anxious and less confident when per-
forming this movement during functional activity rather
than as exercise. For this reason, only one instance of the
functional movement was requested. This is a typical
problem when building datasets in sensitive real life con-
texts where the possibility of collecting the data is re-
duced due to ethical issues. The Exercise and Functional
instances were not performed in immediate succession:
other physical activities (e.g. Sit-to-Stand), and brief rest
breaks for some participants, occurred between them.
This was intentionally arranged to prevent monotonicity
or lack of inter-subject variation due to repetitiveness. The
Functional Forward Trunk Flexion was always performed
as the second instance of the movement. Although 48
movement instances in total were completed, due to BLE
interference, only 45 movement instances were success-
fully recorded. Thus, the analysis reported in this section
is based on these 45 instances.

To record data for these movement performances, sen-
sors were placed as shown in Fig. 5-Right. Four of the
orientation sensing units were placed respectively on the
head, trunk, right upper and lower legs, which are the
main anatomical segments whose movements were found
in Study 2 to significantly differentiate MRSE levels. The
units were attached using adjustable accessories. Two
SsEMG units were used with each placed on the right tra-
pezius and the right lumbar paraspinal, L4/5. The refer-
ence leads of the sSEMG sensors were placed on the cervi-
cal bone and along the spine for the trapezius and lumbar
paraspinal muscles respectively. Sensors were only
placed on the right side for the bilateral segments (the
legs and the muscles) as data transmission suffered from
interference when additional sensor units were used. Alt-
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hough an unexpected constraint, this aligned with our
aim to minimize the number of sensors necessary for au-
tomatic detection.

Similar to Study 2, the speed, sum of energy, spectral
arc length of the speed profile, and range of movement of
the head, trunk, and upper and lower legs were extracted
as features (per exercise instance) based on the findings in
Study 1. The first three features were computed in a simi-
lar way to the methods used in Study 2 (see Table 4).
Two-dimensional orientation (i.e. pitch and yaw) profiles
were used in place of three-dimensional position profiles.
Range of movement was calculated as the range in orien-
tation along the pitch axis. We additionally extracted the
mean angular jerk for each of the segments (also per exer-
cise instance), computed as the third derivative of orienta-
tion, to characterise fluidity in addition to the speed spec-
tral arc length. This was the only feature used in Study 3
but not in Study 2. The feature was added to supplement
the original fluidity features, which did not have as much
discriminative power with respect to self-efficacy for the
Forward Trunk Flexion as the speed and range of motion
feature features (see Study 2). Mean muscle activity was
computed (per exercise instance) from smoothed rectified
sEMG data (normalized to baseline of 0 for each instance);
smoothing was done by Savitzky-Golay filtering [62] after
full-wave rectification.

In this study, MRSE ground truth was collected direct-
ly from the participants using a single item self-report:
before completing each instance of activity, participants
were asked to report their level of confidence, on a scale
from 0 for not at all confident to 10 for completely confi-
dent, about being able to perform that instance of the ac-
tivity. As preliminary investigation, only two levels of
MRSE were considered in this study. These were obtained
from the self-reports as lower level MRSE for self-report
of 5 or less and higher level MRSE for self-report of more
than 5/10 (in future work, more levels will be consid-
ered). This resulted in 14 instances of lower level MRSE
and 31 instances of higher level MRSE.

6.1.3 Dealing with Missing Data

Of the 45 movement instances from the 12 participants,
partial body movement data for 8 participants were miss-
ing due to BLE interference and inadequateness of the
attachment accessories for some participants, and alt-
hough each participant had at least one segment tracked,
there were 23% missing features values. We explored two
approaches to deal with missing values for automatic
detection: imputation to recover missing feature values
[63], and the use of surrogate splits (in tree based classifi-
cation) with incomplete feature values [64]. As decision
trees needed to be used for the approach based on surro-
gate splits, for the sake of comparison, we used decision
trees for classification with both approaches. The decision
tree was implemented using MATLAB 2016a function
fitctree with no surrogates and all surrogates for the im-
puted and non-imputed dataset respectively. We also
explored classification based on the SVM and the RF with
imputation.

Our dataset was not normally distributed, and so we
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TABLE 8
F1 SCORES AND ACCURACY FOR THE INCOMPLETE DATASET AND
FOR THE PRIMARY IMPUTED DATASET (USING THE DECISION
TREE) WITHOUT AND WITH FEATURE SET OPTIMISATION

Incomplete Imputed Imputed
Dataset  (no optimisation) (optimisation)
F1 lower MRSE 0.52 0.54 0.71
F1 higher MRSE 0.75 0.81 0.87
average F1 0.64 0.68 0.79
accuracy 0.67 0.73 0.82
TABLE 9

F1 SCORES AND ACCURACY FOR THE PRIMARY IMPUTED DA-
TASET USING THE SVM AND THE RF (WITHOUT FEATURE SET
OPTIMISATION)

SVM RF
F1 lower MRSE 0.45 0.36
F1 higher MRSE 0.71 0.71
average F1 0.58 0.54
accuracy 0.62 0.60
TABLE 10
F1 SCORES AND ACCURACY FOR M SECONDARY IMPUTED
DATASETS
M 1 2 3 4 5
F1 lower MRSE 0.74 0.60 0.48 0.50 0.54
F1 higher MRSE 0.89 0.80 0.80 0.72 0.81
average F1 0.82 0.70 0.64 0.61 0.675
accuracy 0.84 0.73 0.71 0.64 0.73

could not use the standard expectation-maximization for
imputation [63]. We instead used linear regression for
imputation; this was done with IBM SPSS Statistics 22. To
build the regression model used for imputation, we in-
cluded the order of the activity instances for each partici-
pant, participant identification numbers, levels of report-
ed pain, scores on the Hospital Anxiety and Depression
Scale, and the self-report of MRSE as predictor variables.
To account for uncertainty in imputation, we performed
multiple single imputations, i.e. M single imputations
with M > 1, with the decision tree. The hyperparameters
of the classification tree and the feature set used were
tuned for a primary imputed dataset. Hyperparameter
setting was done with grid search, and the wrapper based
selection technique employed in Study 2 was used to find
the optimal feature set. These settings were also used for
M =5 secondary imputed datasets.

Similar to Study 2, leave-one-subject-out cross-
validation was used to optimise the feature set and evalu-
ate classification performance.

6.2 Results
In this section, we present the automatic detection per-
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formances, with each result based on aggregation of the
automatic detection outputs from all folds.

Table 8 shows classification performance using deci-
sion trees, for the incomplete data (based on the use of the
decision tree with surrogate splits) and the primary im-
puted dataset (without surrogate splits). Even without
feature optimisation, imputation leads to better perfor-
mance. Performance improves with feature set optimisa-
tion for the primary imputation and classification is well
above chance level.

Classification performance using the SVM and the RF
(without feature set optimisation) is given in Table 9.
Their use does not lead to better classification perfor-
mance than with the use of the decision trees (without
feature set optimisation); in fact, the SVM and RF both
perform less than the decision tree (with or without im-
putation) and their F1 scores for the lower level MRSE is
worse than chance level classification.

With and without imputation and regardless of the
classification algorithm used, there is better classification
of the higher level MRSE class, likely because this is the
dominant class.

Table 10 shows the results of classification for the sec-
ondary imputed datasets (using decision trees). For two
of them, performance is well above chance level; in fact,
one of these datasets has better performance than the per-
formance with the primary imputed dataset.

We investigated if the models for the primary and sec-
ondary imputations performed worse for the Functional
instances given that the data set was skewed towards
Exercise instances. We tested this hypothesis by compar-
ing classification accuracy for both subsets of instances
across the six imputed datasets. A Wilcoxon Signed Rank
Test indeed revealed a statistically significant difference
in classification performance for the two movement types
(z=-2.214, p<0.05, with large effect size r=-0.90). However,
rather being lower, accuracy was significantly better for
the Functional instances (median=0.80) than for the Exer-
cise instances (median=0.71). This could be a result of
lower intra-class variation for the Functional instances
due to the fact that that subset of instances was smaller
than the Exercise subset. However, we would argue that
as reported in [61], low MRSE may have a stronger effect
during functional movement, making the discrimination
between low and high self-efficacy clearer in such settings
than in controlled exercise settings

7 OVERALL DISCUSSION

Our investigation had two main objectives. First, it aimed to
acquire an understanding of how physiotherapists, who are
experts in human movement assessment, estimate MRSE
through observation. The second objective followed from
this and was to study how MRSE could then be automatical-
ly estimated from movement, with the long term aim of en-
abling technology with the capability to provide tailored
support. We have described two studies that investigated
this second objective in two physical activity contexts based
on the cues that emerged from an initial study with physio-
therapists. In this section, we discuss the implications of our
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findings and the opportunities that they present.

7.1 MRSE Features

An important contribution of our work has been to identify
the relevant features that could contribute to building auto-
matic MRSE level detection functionality. A major finding
from Study 1 is that body movement is the main modality
used by expert movement observers in MRSE assessment.
While the importance of the body as a modality has been
emphasised for affect in general [26][27] and for pain related
affect in particular [28], only [18] had pointed to the rele-
vance of body cues for MRSE specifically and then only in
the context of choreographic performances. Our own finding
points to the need for the tracking of body movement, to be
able to automatically monitor MRSE levels. This has implica-
tions for the design of technology for physical rehabilitation,
fitness, and sports, given the importance of MRSE to physi-
cal performance [7][11][12] and the growing use of technolo-
gy in these areas [65]. For designers in these areas who may
wish to incorporate MRSE detection functionality into tech-
nology, it will be necessary to integrate body movement
sensors, particularly wearable body movement sensors that
allow for monitoring in ubiquitous settings, in their design.
The findings of our analysis of features in Study 2 addition-
ally suggest that gross body movement such as measured by
actigraphs or pedometers may not be sufficient. The increas-
ing development of wearable sensors that track multiple
anatomical segments such as Notch [66] point to the feasibil-
ity of body movement tracking for MRSE detection in these
applications. Indeed, the findings from our investigation in
Study 3 using a custom-built wearable sensing device sup-
port this hypothesis.

Another category of cues that was found in Study 1 to be
used by expert movement observers to support MRSE as-
sessment is engagement behaviour. Engagement behaviour
was seen as engagement with people present during the
exercise sessions and also engagement with the aspects of
the surroundings that may affect the exercise (e.g. move-
ment aids such as the chair). This cue could be particularly
interesting when an avatar or robot is used as a physical
rehabilitation coach (e.g. in [67]). Study 1 also suggests that
facial expressions are informative for expert movement ob-
servers in assessing MRSE. However, a challenge in tracking
facial expressions in the context of physical activity is the
difficulty of capturing the face in such settings [68]. Never-
theless, in cases where physical activity is situated such as
for certain physical exercises, facial expressions may be lev-
eraged in improving automatic detection. Hence, an interest-
ing challenge for the researchers working on facial expres-
sion recognition would be to investigate in depth what facial
expressions could be related to MRSE. However, it should
be noted that the literature on pain indicate that facial ex-
pressions are more common in the presence of others [28].

7.2 Automatic MRSE Level Detection

The main aim of our study was to investigate the possibility
of automatically inferring MRSE levels in chronic pain phys-
ical rehabilitation. Findings in Study 2 provide ground-
breaking evidence that self-efficacy for physical exercise
movements can be automatically estimated from body
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movement as well as expert movement observers. As high-
lighted in our introductory section, this will enable technol-
ogy provide rich and personalised support to people with
chronic pain in the absence of a clinician. Such tailored inter-
vention promises to promote adherence to useful strategies,
promote confidence and independence, and foster engage-
ment in physical activity [7][9][10][15][16]. While physical
rehabilitation technologies are increasingly tracking various
information from the user, physical performance is usually
the main focus (e.g., in [69][70]). When psychological states
are considered, mood and pain are the prime targets, such as
in [70].

The findings from Study 3 show the feasibility of auto-
matically detecting self-efficacy for functional movements in
addition to physical exercises. This first step in investigating
the feasibility of automatic MRSE monitoring in everyday
physical functioning is important because of the necessity of
providing tailored support in this context rather in physical
exercises alone [9][16]. Even though physical exercise pro-
grams are designed to help people with chronic pain engage
in everyday physical activities and the pursuit of important
goals, physical exercises settings do not completely mirror
everyday settings [10][16]. On one hand, physical exercises
settings do not fully represent the complex demands of eve-
ryday functioning as they are typically done in controlled or
artificial environments [10]. On the other hand, the value of a
functional activity may compete with the psychological bar-
rier associated with performing the movements that it in-
volves or with adherence to helpful management strategies
[16]. In addition, it has become evident in recent years that
there is value in enabling incorporation of prescribed physi-
cal exercises into everyday physical functioning [9][16][71],
e.g. performing stretches while washing dishes. This is be-
cause one of the reasons for non-adherence to prescribed
exercises has been found to be poor availability outside of
everyday routine [71]. Designs such as in [16][70][71]
demonstrate the possibility of providing technological sup-
port in the context of everyday functioning, within and out-
side the home. One of the main challenges of automatic
monitoring of movement related states in this context is the
necessity of tracking body movement using portable, wear-
able body movement sensors. Findings in Study 3 provide
evidence of the feasibility of automatic MRSE monitoring,
outside the context of physical exercises, based on a minimal
set of low-cost body movement sensors. A next step in ex-
tending this functionality would be the use of the prototype
or similar to acquire body movement data during functional
movements in the natural environment. Automatic MRSE
monitoring in everyday functioning can then be properly
validated.

7 CONCLUSION

For people with chronic pain, MRSE notwithstanding
pain intensity influences engagement in physical activity
and the pursuit of valued goals significantly [7]. Despite
this knowledge and the discovery that MRSE feeds into
clinical intervention [9], until now, there have been no
attempts to investigate if and how technology may assess
MRESE so as to be able to provide tailored intervention in
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the absence of a clinician. Our work addresses this gap.
We provide an understanding of how clinicians estimate
self-efficacy for physical exercise movements. We then
show that technology can provide the same estimation by
tracking movement behaviour alone, with F1 scores of
0.95 and 0.78 in two movement types. In addition, we
provide evidence of the feasibility of estimating MRSE
using a minimal network of low-cost body movement
sensors and in functional movements as well as physical
exercises, with F1 score of 0.79 in one movement type.
Our work lays the groundwork that will enable physical
rehabilitation technology for people with chronic pain
directly address low MRSE. Our discussion highlights
opportunities for more work in the area.
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