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In live performances seated audiences have restricted opptunities for response. Some
responses are obvious, such as applause and cheering, but #re are also many
apparently incidental movements including posture shifts xing hair, scratching and

adjusting glasses. Do these movements provide clues to pedp's level of engagement
with a performance? Our basic hypothesis is that audience sponses are part of a
bi-directional system of audience-performer communicatin. This communication is part
of what distinguishes live from recorded performance and uterpins live performers'
moment-to-moment sense of how well a performance is going. ldre we investigate
the range of visible real-time movements of audiences in fadive contemporary dance
performances. Video recordings of performers and audience were analyzed using
computer vision techniques for extracting face, hand and bdy movement data. The

meaning of audience movements were analyzed by comparing igls of the audience at

moments of maximum and minimum movement to expert and novicgudges. The results
show that audience clips with the lowest overall movement & judged as displaying the
highest engagement. In addition, we found that while theresino systematic relationship
between audience and dancers movement, hands seem to play amspecially signi cant

role since they move signi cantly more compared to the rest 6the body. We draw on

these ndings to argue that collective stillness is an espeilly salient signal of audience
engagement.

Keywords: audience, engagement, motion tracking, movement, co ntemporary dance

1. INTRODUCTION

In many live performances, audiences are separated from peefie;, seated in the dark observing
the performance. The primary conventional opportunity for meend of an audience to express
their satisfaction or dissatisfaction with a performancethsough applause and/or cheering.
Nonetheless, audiences have notoriously recruited otheama of signaling their responses
including the organized and carefully timed use of apparemthoicent activities such as coughing
(Broth, 2011; Wagener, 20112

Our programmatic hypothesis is that audience responses areoparbi-directional system of
real-time audience-performer feedback that distinguidhesfrom recorded performance. A key
motivation for this hypothesis is that performers routinelistinguish between “good” or “bad”
audiences for the same performance and between speci c ma@raudience engagement or
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“lift” and moments of disengagement or boredontgaley Performance unfolds in time, making data collection
et al., 200p This raises the question of what performers areproblematic Gchubert et al.,, 2009 A growing number of
detecting in these situations that feeds their ongoing sensstudies in dance research use motion sensing technologies
of how engaged the audience is during a performance. lbut primarily to examine dance movement€gmurri et al.,
cases such as stand-up comedy, the ongoing feedback betw@@d3; Calvo-Merino et al., 2004; Leman and Naveda,)2000
audience and performers can be especially obvious e.g., ¢he wentrast to this very little research has focused on audisrtor
of shouting, laughter and heckles. Here, we consider a muokxceptions see e.giealey et al. 2009; Stevens et al. 2009; Vincs
more challenging case; contemporary dance. Dance has quieal. 2010; Gardair et al. 2011; Jola et al. 2011b; Latulipe et a
di erent conventions about what forms of audience response€011; Mann etal. 2013; Katevas et al. 2015; Theodorou @i, 2
are considered appropriate; laughter is rare and shouting andicary et al. 201)/ There are many possible ways to measure
heckling are de nitely out. In a typical contemporary danceaudience engagement in the performing arts. The most common
performance the audience will be in the dark, the performersapproaches involve the use of post-performance questionnaires,
behind bright lights with loud music, drowning out other sods.  focus groups and audience interviewSt€vens et al., 2009;
There are few, if any, opportunities for direct eye contactasquier, 2005 These are useful for investigating paticipants'
or verbal exchanges between performers and the audience. marratives and interpretations of a performance howevery the
addition, dancers need to contend with the physical and cidgmi  also have the disadvantage of being essentially retrospective
demands of the dance performance itself. This places sevefhis can lead to problems such as the “peak-end” e ect, which
limits on what dancers are able to sense, even in principleshows that a measure taken immediately after an experience is
about audience responses during a performance. Almost therongly in uenced by the emotion experienced at the end of
only available channel of communication between audiemzk a the performancel(atulipe et al., 2001 In order to address the
performers is body movements. dynamic experience of the performing arts, real-time measure

One hypothesis about the possible connections betweenf response are needed rather than discrete, post-performance
audiences and performers during a dance performance isieasures to capture audience engagenfeat(bert etal., 2009
kinesthetic empathyH{eason and Reynolds, 2007; Winters, 2008Fhis enables ne-grained quantitative analysis, o ering ewn
Jola et al., 201)aAccording to Calvo-Merino et al. (2004) perspective on the dynamics of audience responses.
a ective responses to body movement can be explained in terms A variety of quantitative measures of audience engagement
of “kinesthetic” proprioception.Reason and Reynolds (2007)have been tried, which can be divided into overt responses
proposes that the ideal spectators in a dance performance ateat are expressed through visible human actions, movements
those that use this response to become participants in ther expressions and covert responses, that are manifest in
movement that is presented to them by recreating the danckiochemical and electrical changes of the human body. Overt
movements with their own musculature. To the extent thatmeasurements include facial expressiokstévas et al., 2015;
this simulative process produces perceptible body movementsiteodorou et al., 20)6body movement lealey et al., 2009;
provides a potential channel for communication between dasice Gardair et al., 2011; Theodorou et al., 2016; Vicary et @L7)2
and their audiences. However, in most of the studies thaehaveye movementsStevens et al., 20pand continuous self-rated
tested kinesthesia the activity of the spectators is medsureneasurements\(cAdams et al., 2004, Vincs et al., 2010; Vicary
indirectly (using fMRI or TMS) in laboratory based experimentalet al., 201y while some examples of covert responses that have
conditions which substantially impede the live experience. been used are brain activityCélvo-Merino et al., 2004; Jola

Previous work on live dance audiences has revealed a eiativ et al., 2011} galvanic skin response (GSRp(ulipe et al., 2011;
rich repertoire of di erentaudience body movements: scratgh  \Wang et al., 2014 heart rate variability $hoda et al., 2016;
adjusting hair, adjusting glasses, supporting the chin amkitig ~ Vicary et al., 201) To the extent that these covert responses
amongst othersTheodorou et al., 20)6These movements are are “invisible” to performers they cannot form the basis of an
not obviously connected with the movements of dancers bat arongoing performer-audience feedback loop.
nonetheless at least partially visible to them. Do these meve
provide a signal of audience engagement and thereby form part ..
of a feedback cycle between the performers and their audience2-2- Non Verbal (Visible) Cues of Boredom

and Engagement
There is currently no accepted theory of what audience

2. LITERATURE REVIEW engagement and/or boredom are, partly because of con icting
) _ _ ) de nitions. However, in this section we will briey discuss
2.1. Live Audience Response Metrics some de nitions coming from literature from performing arts

Finding ways to measure moment-by-moment audiencgStevens et al., 2009; Vincs et al., 2010; Latulipe et al.),2011
engagement in real theater settings is essential for getin psychology Kahn, 1990; Csikszentmihalyi, 1997; Macey and
better understanding of the live experience. It also has th&chneider, 2008and Human Computer Interaction (HCI)
potential to enable new forms of creative production. Whileeli (Chapman and Webster, 1999; Bianchi-Berthouze et al., 2007,
audience response metrics can be used as a way of analyzing3oien and Toms, 2008; Witchel et al., 2Q1Existing research
“debugging” a performance, they can also enable new forms sfiggests that both boredom and engagement are associated
dynamically responsive, creative intervention. with speci ¢ body postures, including the position of the head
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(Bull, 1978; D'Mello et al., 2007; Witchel et al., 2D1drso they're thinking 'shit, this is never going to end, who looktiagir
(Grafsgaard et al., 20)land hands Grafsgaard et al., 20).3 watch, so it does show. I've got antennaeRagquier, 2015
For example, according t8ull (1979 there are speci c head
positions that characterize boredom such as “drops headh%u An obvious candidate visual signal of dgeting during a
head,” and “head lean.” Howevéljitchel et al.(2019 argue that performance is hand movementheodorou and Heale(2017)
body posture alone is not a su cient marker of engagement andshowed that audiences have their hands on their faces fartabo
also depends on the kind of stimulus and interaction neededhalf a dance performance and that the hands move faster when
Apart from body posture, body speed is another measuremerihey are up compared to when they are down in a resting position.
that has been used to identify engagement and boredonespite their visibility, these movements are not typicditytght
particularly for games or tutorial systems where interactio of as communicative. According tdarrigan et al.(1987) STGs
rate was controlled by the user. HCI research suggests lieat tlack overt, intentional design and may be performed withditir
increase of overall body movement is related to boredom ando awareness.
frustration while diminished movement is related to engagat There is evidence of an increase in self-touching behavior
(D'Mello et al., 2007; Kapoor et al., 2007; Grafsgaard et dl320 in stressful and fearful situation®utzen et al.(2005 found
One issue for the de nition of engagement and/or boredom ina signi cant increase of STGs in response to a video about
passive tasks like watching television or attending a peréoree  chiggers compared to a less disturbing video. In a study from
is that they can be performed in high or a low activity statesHeaven and McBrayg200Q participants listened to texts about
Restless activity includes dgeting or stunted escape e ohidev  leeches and canaries and then had to answer several questions
lethargic boredom might manifest itself in the viewer ragtiheir ~ Although there were no di erences between the two listening
head on their hand with elbow support (load bearing). A similarconditions there was an increase in STGs for the leeches text
argument holds for engagement: dynamic engagement could lakeiring the answering periodRogels et al(1990 found that
a football fan raising their arms in celebration of a goal,ileh children between 3 and 6 years showed more self-touch gestur
rapt engagement might be a child watching a cartoon in perfeawhile talking about a cartoon they had just seen than while
stillness (Vitchel et al., 2014 This suggests that in relatively watching the cartoon. Other studiess{unwald et al., 2004
passive tasks like the one we study here it is not straightimtw hypothesize that there is a relationship between the frequen
to distinguish between engagement and boredom. STGs and arousaBarroso and Feld198§ investigated this by
Previous researchT(ieodorou et al., 2016; Theodorou and testing the occurrence of self-touch gestures performed ovith
Healey, 201)7has shown that body dgeting and self touching or both hands as a function of four di erent auditory attentio
gestures (STGs) are relatively frequent in audiences asml altasks. They found that with increasing complexity and atiteml
potentially detectable by performers. Fidgeting is commonlylemands both one and two handed self-touch gestures inedeas
de ned as a general indication of boredom, irritation, aratk A recent study of di erent categories of hand-over-face gesst
of attentional engagement. In an early test of this claiia/ton  included possible interpretations ranging over cognitive cliee
(1885 observed dgeting behaviors of audience members duringtates such as thinking, frustration, or boredoahmoud and
a boring lectureGalton (1885 observed that when the audience Robinson, 2011 Ekman and Friese(1972 has suggested that
was more engaged the frequency of dgeting reduced by mor8TGs may also occur when a person is relaxed.
than half and the duration of each movement also reduced. In summary, the claims in the literature about the relation
According toGalton(1889: between body moments and engagement or boredom are not
entirely consistent and seem to depend on the social context o
“When the audience is intent each person forgets his muscular the activity. Based on OL_” preVIOU_S studies and on the litewat
weariness and skin discomfort, and he holds himself rigidly in ~ Presented above we believe that in the context of contemporary
the best position for seeing and hearing. But when the audience dance audience body movement might give us information abou
is bored the several individuals cease to forget themselves and audience engagement to the performance. In particular, hand
they begin to pay much attention to the discomforts attendanton ~ movements are, in principle, visible to performers and there
sitting long in the same position. They sway from side to side, each is evidence that they are systematically connected to psople'
in his own way and the intervals between their faces which lie at level of interest in what is happening around them. In contrast
the free end of the re_ldius fqrmed by their bodies with their seats 5 the kinesthetia hypothesis, our proposal is that audience
as the center of rotation varies greatly.” body movements in general, and hand movements in particular,
are broadly symptomatic of audience disengagement. Note, we
Similarly, according to a 68 year-old theatergoer intemad by  are interested here in the ongoing movements of the audience
Pasquier (2015)audiences' increase of body movement showsduring the performance not the conventional responses, such
disengagement: as applause, at the end of a piece. This leads us to three basic
hypotheses:

“When one's concentration goes, the body needs a release, by HYPO”?ES_'S 1 (Hl):Audlence hand movements provide a
crossing one's legs, sitting up on one's chair... and coughing of SPECi ¢, distinct and salient response cue to performers.

course. Thats the cacophony of failure. One senses the dispersio ~ Hypotheses 2 and 3 examine the relationship of body speed
people who start moving, changing position, who're leaning like ~ With engagement and/or boredom and test the kinesthesia
this on their hand, who dip their head or look at others, youlfee  hypothesis described in the introduction:
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Hypothesis 2 (H2)Movement and engagement are inversel@.2. Equipment Set-Up

correlated. In order to be able to capture a big enough sample of the
Hypothesis 3 (H3)Audience movement can be predicted fromaudience, we used two Basler Ace (1,280,024 px resolution)
dancers movement. night vision cameras (45 fps). An infrared light (IR) was atiedh

We investigate this by rst mapping the general face, bodyn top of each camera to allow us to Im the audience during
and hand behavior patterns displayed by an audience and thehe dark periods of the performance. Both cameras and IR lights
focus on the potential relationship between engagement adgb were placed on the theater truss on top of the stage pointing

movement. toward the part of the audience to be Imed (sé&égure 2).
We also Imed the dancers using a JVC professional camera
3. MATERIALS AND METHODS (29.97 ps) which was hung from the rig facing the stage. For

the synchronized double GEV camera recording we used the
In order to test the hypotheses described above we primarilgecko software made by Vision Experts. Gecko gave us better
relied on continuous audience measurements collected in @ata accuracy since the video recording used a xed framerate
real theater setting. Collecting continuous audience aadagrs With a timestamp on each frame. This helped to avoid any
data in real theatrical settings and not in a laboratory wasynchronization problems by automatically synchronizirg t
one of the main priorities of this research. This decision igwo cameras that were Iming the audience but also enabling a
motivated by the notion that the social behavior of audieice more accurate synchronization of the recordings of the ande
and dancers will be in uenced by the environment. Removingand the performance. In addition to Iming the audience and
dancers and audiences from their “natural” environmentthe dancers, we aimed to track the hand (wrist) movements of
might lead to changes in their behaviour. Social actions anéach audience member automatically. In order to do this, we
identities are contextual and transferring participants to acreated wristbands made of 5 mm re ective rope. A small plastic
laboratory to make a controlled study removes this contextpag with two re ective wristbands together with instruati®
In addition to that, self-reported data was collected usimgpt ©0n how to wear them was placed on the arm of each theater
online surveys, one as a proxy for identify how engagingeat (seeFigure 2). Each audience member had to wear one
the performance was and one to determine how engaged thristband on each hand. As the IR lights were facing directly

audience was. on the audience, the wristbands became very visible in tiheovi
recordings. We researched and identi ed multiple solutioos t
3.1. Performances automatically track and record continuous wrist movemeauts|

The collection of the data took place at “The Place” theatethis solution was the cheapest and easiest for our availalolgdi

in London where four contemporary dance pieces performe@nd time. Privacy was also an issue in this study since wedaime
by dancers of the London Contemporary Dance School (LCD}o extract personal data from the audience members. The study
The performance lasted for 1 h and 40 min and consistedvas certi ed with an ethical approval from the Ethics Comméte
of 420 min dance pieces (s€&gure 1). There was a 15 min of Queen Mary University of London (Ethical approval reference
interval between the second and the third piece and two B3umber: QMERC1432a) and a sign was placed on each seat to
min interludes after the rst and the third piece. Each danceinform audience members that Iming was taking place during
was performed by LCD postgraduate students and directed kihe performances for research purposes.

commissioned professional choreographers. The rst pieces “L

femmes meurent deux fois” was directed by the choreograph@.3. Continuous Data

Danae Morfoniou. This piece starts with a pre-performancero obtain ne-grained response measures from the footaghef t
part during which the lights are turned o, the music starts audience and dancers we used data analysis techniquesjpedel
but there are no dancers on stage. When the music stopik computer vision research. The data processing pipeline (see
the dancers appear on stage and start performing the rsFigure 2) consisted of: (1) Blob detection algorithm from the
choreographic part without the accompaniment of music. TheBlobscanner Processing libraryl¢linaro, 2010 used to detect
second piece “Triptych,” was directed by Mara Vivas. Thisind extract the continuous position of the wrist of each audien

is the quietest among the four pieces since for the majoritynember (2) Optical ow algorithm made b@orenstein(2013

time the dancers perform synchronized, gentle movementh Processing used to calculate the visual change in both the
in silence. The third performance is called “The Endgametootage of the audience and the dancers (3) SHORE facial
and was directed by the choreographer Olatz de Andres. lanalysis software made by Fraunhofer Institutgilflbeck and
comparison to the other three, this piece includes dierentErnst, 2005 for Integrated Circuits used to extract all the facial
theatrical e ects and many artistic changes (lighting andsicu  expressions of each audience member during the performance.
changes). The fourth performance,“The Tide” was directed

by Tom Roden. In addition to the dancing part, this piece3.3.1. Visual Change in Dancers' Videos

also includes some acting parts. There is no dialogue amomgpparent visual motion in the performance videos was measured
the dancers but a narrator is on stage during most of theusing the optical ow algorithm. Optical ow estimates frame-
performance. As part of our study on audience responses, we-frame motion by measuring the ow of gray values on the
Imed audiences and dancers during the four parts of theimage plane. Under reasonable assumptions, this approximates
performance. the projection of the actual motion eld in the 3D scene over
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FIGURE 1 | Performance Parts 1-4 (from left to right) performed by LCD.
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FIGURE 2 | Data processing pipeline.

the camera planeJ@hne, 2005 A number of optical ow of the direction of motion and of its coherence. In the resthug
algorithms are available in the literature. We used the sibu paper, we will refer to this as the “average speed.”

algorithm presented inHarneback, 2003that is well suited to

the challenging illumination conditions of our study; speeily,  3.3.2. Audience Upper Body Movement

we relied on the openCV for Processing implementation mad®©ptical ow was also used to estimate the average upper body
available by BorensteirBprenstein, 2013 For the purpose of speed of each audience member separately. This included the
our study, we considered the integral of the magnitude of théead, the torso and the hands. Speci cally, a static polygonal
ow eld across the entire frames of the dancers' videos.sThi envelope was drawn around each audience member and the
represents an estimate of the average level of motion of th@agnitude of optical ow was integrated over each of these
dancers; high values result from either fast motion in oneaar envelopes. This method is based on the assumption that during a
of the stage, or distributed motion across the scene, ir@sme performance seated audiences are only able to move in a timite
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area; motion outside the envelope would not contribute to theangle of the camera in the second one. For an accurate trgckin
integral. This can reduce the accuracy of the results in stases SHORE™ requires a minimum face size in the image of 35

(see section 4.2 for more details). 35 px. This requirement was covered in our video recording.
However, it should be noted that these estimates are notyawa
3.3.3. Audience Hand Movement reliable as that there are short video segments in which the

For the detection of hand motion we relied on the wristbandssoftware was not able to detect enough faces primarily dulegto t
and used the blob detection algorithm provided by therotation of the head or people placing their hands on their face.
Blobscanner library for ProcessingVi¢linaro, 2010). The Nonetheless, based on other researchiessgvas et al., 20).that
algorithm is based on connected component detection andsed the software in similar conditions the measure appedrs to
brightness thresholding; the threshold was set manualigd@n  robust over extended periods.
the observation that the re ective wristbands stand out et
images as regions of high intensity under infrared illumipat ~ 3.3.6. Data Preprocessing
By applying this method to each frame we extracted the imag#/e used the VirtualDub software application to downsample the
coordinates of all the wristbands, which allowed us to tridwk  videos from 45 to 30 fps, in order to synchronize the audience
right and left wrist positions of audience members. recordings with that of the performance. ELAN, a professional
Due to pose changes and self occlusions completely automatta! for the creation of complex annotations on video res@sic
tracking throughout the performance was unreliable. Wewas used to synchronize the three videos together (two gideo
therefore used the algorithm to obtain an initial set of ®ac of audiences and one of dancers). For data analysis purposes
that were subsequently overlaid on the footage of the entirse merged the audience data from both cameras in one data
performance and corrected or disambiguated manually aset. In total we have 48 audience members from the two video
required. In order to maintain coherence with section 3.8l  recordings. However, the sample size of each data set varied
section 3.3.4 below and also to capture information from thedepending on the tracking method used to export the data
hands properly, we chose not to di erentiate the coordinates ofsee results section for details). In summary, we calcdilabe
the wristbands directly. Instead, we used the continuougtions ~ timeseries variables for each performance part. One wasotstra
of the wristbands to anchor a rectangular neighborhood cimgg ~ from the performers: the visual change that was produced on
the region of each hand. We then proceeded to integrate thecreen (described in section 3.2.1). Five timeserieshlasiavere
magnitude of the optical ow eld (section 3.3.1) frame byfne  derived by averaging the spectators following datasetsal fac
over these hand regions to obtain an estimate of the avepgels  expressions (displayed anger and happiness), speed of the hands,

of the hands. head and torso and total upper body. It was decided that a
sampling rate of 1 Hz for the compiled data set was appropriate
3.3.4. Audience Head and Torso Movement given earlier studiesSchubert, 2004 which indicate that real-

In order to be able to test the signi cance of the hands in thetime perceptual responses generally take at least 1-5 s for full
performance, we compared their behavior with that of the rdst oregistration.

the body. To isolate the head and torso movement of the awdien

we integrated, for each person, the magnitude of the optical o 3.4. Self-Reported Data

eld over the polygonal envelope de ned in section 3.3.2 minusn order to test whether less movement in the audience catesl

the hand regions identi ed in section 3.3.3 above and appliedvith more engagement in the performance (H2) we relied on
optical ow. Note that this is not equivalent to a simple di erea  self-reported metrics collected using two online surveyse Th
of the timeseries computed in sections 3.3.2 and 3.3.3, dmtie  rst survey was used to collect information about the four
regions may or may not overlap with the static envelope. Thiperformances and the second focused on the evaluation of
procedure gave us an estimate of the upper-body movement gélected audience responses. Due to the di culty of acqugirin

each person excluding hand movements. any information from the audience members that we Imed the
day of the performance, video recordings of the performanck an
3.3.5. Audience Facial Expressions the audience were used to collect data from di erent audience

A computer vision framework, SHORE' (Sophisticated High- samples.

speed Object Recognition Engineji(blbeck and Ernst, 2006

was used to extract continuous measures of the degree 8f4.1. Survey I: Ranking the Performances

displayed happiness, sadness, surprise and anger for ealdie main aim of the performance survey was to identify
audience member described as percentages. SH®RE a any global di erences in participants' preference for the four
cross-platform computer vision framework designed by theperformance parts. The survey consisted of ve questions and
Fraunhofer Institute for Integrated Circuits for deteain was sent to 22 participants (3 males). The age groups were 18—
analyzing and identifying faces from video streams. The9 (9 participants), 30—39 (6 participants), 40—49 (1 participant
happiness analyser has been validated on the JAFFE data b&8e59 (3 participants), and over 60 (3 participants). Thirteen
(95.3% recognition rate) while the other three are unreparte participants reported they like to watch dance as spectatorige wh
Further information can be found on the Fraunhofer IS websi the other 9 had some sort of professional connection to dance
http://iis.fraunhofer.de. SHOREY was able to accurately detect (e.g., dancer, actor/actress, musician etc.) The maintiqunesf
faces in only one of the two video recordings due to high tiltthe survey asked the participants to watch the video recording
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of each performance part and then put the parts in an order ofections). Both average happiness and anger displayed by the
preference from 1 to 4, where 1 is the most preferable and 4 theudience were analyzed in a Generalized Linear Mixed Model
least. The order of the performances on the form was di erent fo (GLLM) using a Linear Model. For this the performance state

each participant. (Non-performance or Performance) was de ned as a xed factor
and audience member as a random factor.

3.4.2. Survey II: Assessing Audience Engagement The results of the model show a main e ect of performance

From Movement state in audience displayed happiness (Chi-sq = 1092D,01)

The second survey focused on participants rating of audiencgnd on displayed anger (Chi-sq = 300p35 0.01). The GLMM

engagement to the performance by watching short selectpd cliresylts are reported iables 1 2 below.

showing the audience. The survey consisted of 2 sections and |t is important to note that the SHOREM measure of

was sent to 13 participants (5 males). The age groups were 18isplayed “anger” does not, in this context, correspond to alctu

29 (4 participants), 30—39 (4 participants), 40—-49 (4 particispnt anger but rather signals a blank or relatively expressisriiase

and 50-59 (1 participant). Eight of the participants reportedtha(seeFigure 3. In the context of a social interaction a blank face

they like to watch dance as spectators while 5 of them wergan easily be interpreted as angry. Our explanation is thaindur

professionally connected to dance. the performance people do not consider themselves to be actively
The main section of the survey included the audience clipsocially engaged and in this context a blank face is more (Busi

from each performance piece. The clips selection was madggterpreted as a signal of attention or concentratiote@ley et al.,

based on the upper body movement data. Looking at the upper017.

body movement timeseries of the audience from one of the two

cameras, six short clips were selected showing the audience #.2. Head, Torso and Hands

each of the four performance parts (24 clips in total since ther&or audience upper body movement (head, torso and hands),

were 4 performance parts). The clips were added to the onlinge extracted data from 48 audience members (17 males) while

survey accompanied by the following question: “On a scale of far the “hands” and “head and torso” data, the sample size

to 10, how engaged is the audience in the video below? (0 =tNot reduced to 38 audience members (11 males) since not all the

allEngaged and 10 = Very Engaged).” Under each clip there wagpatrticipants wore the infrared wristband. The third line plot

slider with values from 0 to 10. The order of the clips on therfor in Figure 3 shows the average upper body movement of the

was di erent for each participant. S&upplementary Material —audience during the performance parts and the interludes. It

for an example of two of the selected clips. is clear from the plot that the audience move much more
during applause and interludes than during the performances.
4. RESULTS Figure 4 shows the breakdown of average movement by body

parts: (1) Head, torso and hands, (2) Head and torso, and (3)
Results are reported in three parts. Firstly, we examine thdands during di erent parts of the performance. It is apparent
audience responses separately for facial expressions, trsad/t from the plot that the hands are consistently the most mobile
and hand movement to test hypothesis 1. Then, we comparart of the body and the most potentially salient during a
the continuous audience responses with the subjective regson performance. This supports (H1) and suggests that compared to
collected from the survey to test the key hypothesis that ledbe other parts of the body, hands are the best candidate for a
movement in the audience is associated with moments dghovement response that is detectable by dancers. However, it
audience engagement (H2). Finally, we test the kinesthesi§as expected that average head, torso and hands to always be
hypothesis (H3) by examining the relationship between ance €qual or higher to average head and torso. This is not visible
and performer movements. Our key ndings are summarized inin the interlude part of Figure 4 This is due to the erratic

the discussion section. audience behavior that a ected the e ciency of the tracking
during the interludes we therefore exclude this from further
4.1. Facial Expressions analysis.

Facial tracking was applied on one of the two audience video
recordings using the SHOR®! software which was able to

track on average 10 out of 17 faces. The software managed _ _
to reliably track the same persons during the duration of the"BLE 1 | SLMM model for displayed *happiness” (performance vs. non

. . L performance).
recording, with minimum number of persons tracked 5 and

maximum 17. As expected, tracking was least reliable dutieg t Estimate  Std. error df t-value
interludes where audience members move more. The measures
of displayed happiness, anger, surprise, and sadness produceddyng performance (happy) ~ -2.05 0.20 29255.96  -10.45

SHORE™ showed substantial inter-correlations. For example,
happiness and anger levels are negatively correlated-Q.44 p

<0 001) TABLE 2 | GLMM model for displayed “anger” (performance vs non perfonance).
_ The top two Ii_ne plots inFigure Sshqw the average levels of Estimate  Std. error df t-value

displayed “happiness” and “anger” during the performance parts

and during the non performance parts (including the applauseuring performance (angry) 5.04 0.29 29257.89 17.33
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FIGURE 4 | Bar plot of audience “Head, Torso and Hands,” “Hands,” and “i¢ad and torso” in each part of the performance.

4.3. Survey |: Ranking the Performances = 0.004) and 1stNl = 0.0101SD= 0.0062) parts the audience
The survey results indicate that the 2nd performance is thé&ends to move more. Spearman's rank correlation suggestgha hi
most preferred (total ranking=50), 3rd was ranked seconth{to correlation between average audience movement and average
ranking = 54) while the 1st (total ranking = 57) and 4th (total ranking of the four performances & 0.8). However, the result
ranking = 59) are the least preferred. This correlates with this not statistically signi cant§ = 0.33) mainly due to the low
overall movement of the audience with the 2rid € 0.0071SD  sample size of the performances. Looking at the overall metrics
=0.0032) and 3rd\l =0.00785D=0.0042) performances being one performance compared to the other is a low powered way to
the ones with least movement while in the 4tk (= 0.008,SD identify moments of high or low engagement in the audience an
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cannot distinguish moment-by-moment changes in engagemeri and 9 s. Positive lags indicate dancers movement predicting

or boredom. audience movement while negative lags indicate the opposite

) ) (Figure 5). We checked for causality separately between audience
4.4. Survey II: Assessing Audience hand movement and dancers movements and between audience
Engagement From Movement head and torso movement and dancers movements. To ensure

A GLMM with a linear model was used to test for di erencesstationarity, all time-series were dierenced by subtragti

in the engagement ratings for high and low movement clipsconsecutive sample points from each other prior to applying
To do this, the movement state (moving vs. non-moving)GC. We tested this both for matching responses (e.g., response
and connection of participants to dance (performers vs. nonfrom the same performance part, audience body movement from
performers) were tested as xed factors and the participant anéart2 with dancers movement from Part2) and for mismatching
number of times they attended a dance performance in a yed@esponses (e.g., responses from the di erent performance parts,
(0-4) as random factors. The results show a main e ect ofiudience body movement from Part2 with dancers movement
the movement state on the engagement scores (Chi-sq = 98pm Part4). Randomly mismatching responses should cancel
p < 0.01), with participants rating the audience clips wheresigni cant relationships between dancers and audiences tha
the audience was moving less as the most engaged. The modgist for responses that are derived from the same performance
does not show any e ect of participants connection to danceOverall, the GC results show that dancers movements don't
(Chi-sq D 0.22,p D 0.63) on the engagement scores. Overallsystematically predict audience movement. This is not comsist
this nding suggests that participants reported that audiencéypothesis 3. Moreover, the results show a systematic predicti
members were more engaged to the performance when they werethe opposite direction. In particular, we found that in Pag&s

moving less. The GLMM results are reportedTiable 3below. and 3 dancers movement is predicted by the audience movement.
) ) The results are reported separately for each performance part
4.5. Granger Causality Analysis as seen in the plots ifFigure 5 There are no statistically

Since our nal hypothesis focuses on kinesthesia (H3), wel usesigni cant GC relationships between either hand or head and
Granger causality (GC) analysis to test if audience movéan torso movement and dancers movement for Part 1. For Part 2,
be predicted from the movement of the dancers. GC accountsudience hand movement predicts dancers movement at a lag
for the presence of autocorrelations and is able to identifiorder of 3 s,F(3 1120)= 2.71,p = 0.04, 5 sFs 1116)= 2.68,p
meaningful lagged relationships between two timeseries at 0.02 and 9 sFg, 1108)= 2.35,p = 0.01. Similarly in Part 2
di erenttimescaleslpean and Bailes, 20).(A predictor variable, audience head and torso movement predicts dancers movement
X, is said to “Granger cause” a response variable y, if infdoma  at a lag order of 3 &3, 1108= 1.92p=0.04. For part 3, audience
about the previous values of x is useful in predicting futurehead and torso movement predicts dancers movement at a lag
values of y, over and above prediction based on informatiowrder of 1 sF(1, 1119)= 5.03,p = 0.02 while for part 4 we found
about previous values of y alonegan and Dunsmuir, 20)6We  a bidirectional relationship. Audience hand movement préslic
examine this for each part of the performance separately and fatancers movement at a 5 s lag ords, 1208)= 2.53,p = 0.02 but
lags between -9 and +9 seconds. Existing research sudugsts ilso dancers movement predict audience hand movement at a lag
there are several ways to identify the appropriate lag strecturorder of 7 sF(7, 1204)= 2.08,0 = 0.04. This suggests that in part 4
for the GS analysis. One way is to choose among a wide varietyere should be another exogenous variable that in uenash b
of model selection criteria. However, accordingiteornton and  audience and dancers.
Batten(1989 di erent selected statistical criteria for determining
the lag structure might show contradictory conclusions twe t
GC results while it appears that the safest approach is to perfor|. DISCUSSION
an extensive search of the lag space. Based on this, we ckose th
lag order based on the frequency of the data. Since the freyue The results of the study provide evidence that there is asyatte
of the data was 1 Hz, we decided to use as a starting point thelationship between audience body movement and engagemen
lag order of 1 and test GS for lags twice the frequency. Thisut also that the relationship is perhaps a surprising one.
is also supported by the research lglith et al. (2019 and  The rst and most obvious point about the audience's visible
Vicary et al.(2017 that argues that the aesthetic responses t@esponses is that they are much stronger during moments of
dynamic art forms such as dance and music are likely to irvalv  applause and intervals than during a performance. As we found
sampling period of at least a couple of seconds. Based on this, weprevious studies Theodorou et al., 2016; Theodorou and
assessed Granger causal relationships at temporal delayssnetwHealey, 201)7audiences move very little and have predominantly
expressionless faces during the actual performance. This is i
clear contrast to the animated facial expressions and body
movements that are apparent during intervals.

One simple reason for this is that audiences are physically

TABLE 3 | GLMM model for engagement levels.

Estimate  Std. emor  df tvaue  restricted during a performance and convention requireshtie
sit quietly on a chair observing and making sure they dontiayn

Movement state (moving) 1.02 0.11 298.00 9.73  the performers or the rest of the audience. However, this tsaiso
Connection to dance (performer) ~ —0.13 0.29 11.00  -0.44 trivial as it seems. People could equally well sit still with asmil
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FIGURE 5 | GC for audience head and torso movement (AHTM) and dancers nv@ment (DM) in each performance part (plots in left column{C for audience hand
movement (AHM) and dancers movement (DM) in each performaagart (plots in right column). The x axis indicates the lag der and the y axis thep-values. The
dashed line indicates a signi cance level op  0.05.

their faces or a look of rapture. We interpret the predominantly ~ Although audience movements appear to be incidental,
blank faces during the performance as indicating that people dthe results provide evidence that this class of audience body
not believe they are actively engaged in a social encountégrgl movements, especially their hand movements, may nonetheles
the performance. Blank faces predominate because of the@bseprovide important real-time signal of levels of engagement.
of non-verbal responsiveness typical of social encounterd) s Firstly the analysis shows that hand movements are the most
as smiles, gestures and nodsopdwin, 1979; Bavelas et al.,frequent and potentially detectable movements for the desice
2000. The facial expressions and hand gestures of contemporakead and torso movements are less visually salient althaugh
dance audiences are di erent from those involved in focuseds possible that they might also be a signi cant component of
social interaction. Instead of the content speci ¢ gestuyggcal audience response. Importantly, the hands have more degrees
of conversation ficNeill, 2005 the hand movements of an of freedom to move independently from the rest of the body.
audience during a performance appear to be primarily concernewhat hand movements are most likely to signal, we propose, is
with functional matters like scratching or adjusting gless disengagement. ASalton (1885)and Pasquier (20159bserved
(Theodorou et al., 2016; Theodorou and Healey, 2017 for audiences in lectures and theaters, incidental in@eafs
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movement suggests that people are becoming restless. Thisspeci c expectations about what is happening which may a ect
consistent with the literature that claims that more sporeans the audience in advance of manifest events on stage. This is
self-touching gestures correlate with audience boredom aosomething that needs further investigation that focusesearan
nervousnessNahmoud and Robinson, 2011; Theodorou andthe aesthetics elements of a dance performance.
Healey, 201)/ This interpretation is supported by our main
nding that independent judges rate audience engagement
highest in clips where they move least. Interestingly, jlsdgzé' CONCLUSION
level of familiarity with contemporary dance does not appeai,giences are fundamental for live performance in a wide gang
to aect this judgement. If we are correct, this leads to theys -ontexts e.g.,;: comedy, theater, dance, concerts, é&sct@ur
conclusion that the most compelling real-time signal of &mie  ¢,iging intuition is that one of the de ning features of thes
engagement in contexts like contemporary dance are momen%‘tuations is the real-time interaction between performarsi
of collective stillnesshese moments are visible and, in the right, | jiences. This naturally leads to questions about whaepat
circumstances, audible for performers. of audience response could actually be detected by performners
This claim may help to explain the results of the Grangelgaqe \while the interaction between audience and perfosmer
causality analysis. During the moments when an audiencg egpecially explicit in genres such as stand-up comedy, our
becomes more engaged during a performance they should, Ry,qy suggests that it is much more subtle in genres like
hypothesis, move less and we therefore don't expect a Simpletemporary dance. The contrast between non-verbal betgvi
relationship between total amount of movement by dancers ang,ring 4 performance and those between performances suggests
audience members. As noted, the GC analysis does not shQuy; people's responses are strongly a ected by whether they
any systematic in uence of movement on the stage on audiencg,nsjger themselves to be engaged in a focused social elecoun
movement. While this is compatible with the idea of colleetiv |, gonres like street performance and stand-up comedy—and in
stillness it is not easily reconciled with the movement siation e jntervals between dance performances—people make active
hypotheses Reason and Reynolds, 2007; Winters, 2008; Jolfe of non-verbal cues such as facial expression. Our argumen
et al., 2011pand contrasts with research on kinesthesia. Thes {hat in contexts like contemporary dance the important real
kinesthesia hypothesis normally focuses on the brain reS®nSme response cues during the performance are not gestures
of participants and not on the overt body movement that i, tacia| displays but the incidental movements that can digna
the main focus of this paper. Therefore, one line of responsgqqpies level of interest in a performance. Existing audience
might be that kinesthesia is a covert experience that cannQbgearch has often focused on covert physiological responses
be detected by external observation. If this is true it ruleg, geif reported measurements that may correlate with, but
out kinesthestic responses as a direct basis for the signlgnnot account for the dynamics of live interaction among
that underpin audience-performance interaction. Altervaly, — ,orformers and audiences. This study provides evidence that
it could be that kinesthestic responses are in fact manifest iqyring 4 live performance overt audience responses matter. We
body movements but can only be measured using much morg,qq the audiences and dancers in four contemporary dance
ne grained techniques than the computer vision approachege formances and extracted body, hand and facial continuous
used here. While this preserves the potential for simluativeaia ysing computer vision techniques. Our results support the
or kinesthetic responses to contribute to performer-aud&nc pron6sa) that a key signal of audience engagement is cobiectiv
interaction it doesn't explain why these much more ne-gredh  gjjness: moments that everyone in the room can sense. This
movements would override the more obvious overt responseg,pianation is consistent with the nding that there appears
that can currently be tracked. A last possibility is that ldtietic 1, pa 1o systematic e ect of dancers movements on audience
(or simulative) responses may have the e ect of suppressing tha, ement. The signi cance of audience responses can only be
incidental movements that, we argue, are key to understandi - herly understood, we argue, in the context of an analysis of

how performers can sense ongoing audience responses. Thigs; performance as a structured social encounter.
an open question but we think it a more plausible explanation

is that reduced incidental movement re ects increasedrdit

and interest in the ongoing events. AUTHOR CONTRIBUTIONS
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