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ABSTRACT continue to grow rapidly, outperforming the filndimstry in

Researchers are using emerging technologies tolageve terms of total revenues in many regions [1]. Althou
novel play environments, while established compuated technology can support compelling interactive play
console game markets continue to grow rapidly. Es@n  experiences and enhance interaction and commuonicati
evaluating the success of interactive play enviremi:i is  between players, evaluating the success of infeeaptay
still an open research challenge. Both subjectivel a environments is an open research challenge.

objective techniques fall short due to limited enaive Human-computer interaction research (HCI) has been

?oa?:‘;,,vlgdtg;rfg]riirzggnal'rtﬁ n(r)ozorc:()t[la}:y 'sn gtlgzngo'?r;;?: rooted in the cognitive sciences of psychology hathan
P with productivity Sy ' factors, in the applied sciences of engineering] &m

presents a,metrr]]od. c|>f modfellng user_e{notlcz[ljal g@fd computer science [22]. Although the study of human
;)n ha lIJse_rs ?Ayglol c:jgy, cl_r USErs n era(; 'T% Witk cognition has made significant progress in the destade,
echnologies. odeled emotions are poweriu eciusg the idea of emotion, which is equally importantdesign
capture usability and playability through metrietevant to [22], is still not well understood, especially whehe

e o i "s g PrTar goal ae o challnge and eierai e e

sessionJ Furth'ermore our mpodeled emotions shovsyghm approach presents a S.hlft n fO(.:L.JS fruﬂapllnyanaly&s to

trends .as reported' emotions for fun. boredom anduser expenenceana!ygs. Tra_dltlonal objective measures
’ ’ sed for productivity environments, such as task

excitement; however, the modeled emotions revealedgJ . .
: ’ ! . ) erformance, are not applicable to collaboratiagy pl
differences between three play conditions, whilee th PP P

differences between the subjective reports failedetach ~ The first issue prohibiting good evaluation of etamment

significance. technologies is the inability to define what makesystem
successful. We are not interested in traditionalopmance
Author Keywords measures, we are interested in what kind of emaltion
Emotion, play, games, fun, evaluation methodology, experience is provided by the play technology and
physiology, GSR, EMG, HR, fuzzy logic environment [23]. Although traditional usability amires
may still be relevant, they are subordinate todimtional
ACM Classification Keywords experiences resulting from interaction with the ypla

H.5.2 [Information Interfaces and Presentation]:etJs technology and with other players in the environtmen

InterfacesEvaluation/methodolo . .
9y Once we determine what makes an entertainmentrsyste

INTRODUCTION successful, we need to resolve how to measurehbsea

Emerging technologies in ubiquitous computing offer variables. Unlike perfo_rmance metrics, the measqrbs
exciting new interface opportunities for entertagmn ~ SUCCESS for collaborative entertainment technotogiee

technology, as evidenced in a recent growth innii@ber more. elusive. The current research problem liesvirat

of conference workshops and research articles devimt ~ €Motions to measure, and how to measure them. These
this topic (see [2, 16]). As researchers develogehplay metrics will likely be interesting  to researchersida
environments, computer and console game market§l€velopers of games and game environments.
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This paper describes why we need such an apprbaeth;
we designed a new evaluative methodology; and how t
apply this methodology for the evaluation of intghee
entertainment technologies.

Evaluation of entertainment technologies
Current methods of evaluating entertainment teagieb
include both subjective and objective techniqudse most

common methods are subjective self-reports through

guestionnaires, interviews, and focus groups [1&H a
objective reports through observational video asialj14].

Subjective reporting through questionnaires andruiews
is generalizable, convenient, and amenable to
statistical analysis. Some drawbacks of questiosanand
surveys are that they are not conducive to findiomplex

patterns, and subject responses may not corresjpotite

actual experience [20, 35]. Subjective techniquesgaod

approaches to understanding ttétudesof the users, but
subjects are bad at self-reporting the&havioursin game

situations [23]. In addition, participants’ reactido new

play environments might be skewed by the noveltyhef

entertainment technologies.

Using video to code gestures, body language, facial

expressions and verbalizations, is a rich sourcelaté.
However, coding observational data as an indicatbr
human experience is a lengthy and rigorous protiess
needs to be undertaken with great care to avosirgahe
results [20]. The main drawback of observationaleo
analysis is the enormous time commitment. The amly
time to data sequence time ratio (AT:ST) typicabyges
from 5:1 to 100:1 [10]. There are a few consultfirgns
that specialize in observational analysis of eaterent
technologies [14]; however, many researchers raly o
subjective data for user preference, rather thgecte
observational analysis.

Standard discount usability methods, such as heuris
evaluation, are useful for uncovering usabilityuiss within

rapid

Figure 1: Current methods for evaluating entertainment
technologies. Evaluators have a lot of choice, bthere is a
knowledge gap in the quantitative-objective quadrah
Heuristic evaluation can be quantitative since expés can
provide ratings for how well software adheres to haristics.
Although observational analysis can be used for @untitative
or qualitative results, it is not used quantitativdy to evaluate
play due to the time commitment and required expeise.

Traditional evaluation methods have been adopteth w
some success, for quantitative-subjective, qualéat
subjective, and qualitative-objective assessmentplafy
technologies. Metrics of task performance are ufed
guantitative-objective analysis of productivity ®ms, but
task performance is not relevant to play [23]. Asls there
is a knowledge gap for quantitative-objective eatibn of
play technologies (see Figure 1). In addition, described
techniques all suffer from low evaluative bandwidthe
number of data points provided per unit time). $abye

play environments; however, there has been minimaltechniques only generate data when a questiorkesiaand

research on using heuristics to evaluate the piktyadsf an
entertainment technology [7, 31], or to evaluak ithpact

of emerging technologies. Most importantly, theseaunt
methods do not involve actual users, but are adteirgd

by usability specialists. When research involves
incorporating novel technologies into a play expece,
there are no “experts”. At this point, experts caily guess
how the technologies will impact users.

Think-aloud techniques [21] cannot effectively bsed
with entertainment technology because of the distoce to
the player, and the impact they have on game play.
avoid disrupting the player during the game, redsns
can employ aetrospectivethink-aloud technique. Although
informative, this technique qualifies the experigncather
than providing concrete quantitative data. In addit
retrospective think-aloud does not occur within toatext
of the task, but in reflection of the task.

interrupting game play to ask a question is toougtve.
Heuristics also give an overview, rather than examgj
change over time. Using observational analysigaehers
can identify numerous events within a play session
however, the analysis is generally event-based. (e.g
participant is smiling now), rather than continuofesg.
percentage of full smile for every point in time).

Researchers in human factors have used physiologica
measures as indicators of mental effort and stf82%
Psychologists use physiological measures to difféate
human emotions such as anger, grief, and sadndss [9
However, physiological data have not been employed
identify a user's emotional states such as fun and
excitement when engaged with entertainment teclgiedo
Based on previous research on the wuse
psychophysiological techniques, we believe thatwam,
measuring, and analyzing autonomic nervous systés)
activity will provide researchers and developers of

of



technological systems with access to the emotionalmeasured GSR using surface electrodes sewn in o/elcr
experience of the user. Used in concert with otherstraps placed around two fingers on the same hand.
subjective and/or qualitative evaluation methods,

researchers can triangulate data sources and form @Gardiovascular measures

complex, detailed account of user experience. The cardiovascular system includes the organsrégpiate

. . blood flow through the body. Measures of cardiouéet
We designed an experiment to create and _evalua_teckel activity include HR, interbeat interval (IBI), héarate

of user _emotlonal state Wh§n interacting with play variability (HRV), blood pressure (BP), and BVP.
technologies. We record users’ physiological, vewad Electrocardiograms (EKG) measure electrical agtigitthe

facial rgactions to game teclhnollogy, and app!y "POSt heart, and HR, IBI, and HRV can be computed fronGEK
processing technigques to objectively and continlyous ' B

measure emotional state, hence filling the knowdegigp in  HR reflects emotional activity. It has been used to
the objective-quantitative quadrant of Figure 1.rOu differentiate between positive and negative emgtiwith
ultimate goal is to create a methodology for th¢edtive further differentiation using finger temperature4[236].
evaluation of entertainment technology, as rigormss HRV refers to the oscillation of the interval betme
current methods for productivity systems, providimgre consecutive heartbeats. When subjects are undessstr

choice and robustness for evaluators. HRV is suppressed and when they are relaxed, HRV
emerges. Similarly, HRV decreases with mental &ffout
PHYSIOLOGICAL METRICS FOR EVALUATION if the mental effort needed for a task increasembeé the

Researchers in the domain of human factors have beecapacity of working memory, HRV will increase [27].
concerned with optimizing the relationship betwbemans
and their technological systems. The quality ofstem has
been judged not only on how it affects user peréorce in
terms of productivity and efficiency, but on whanhd of

effect it has on the well-being of the user. Thare many
examples of the use of physiological metrics indbenain
of human factors (see [19] for an overview).

To collect EKG, we placed three pre-gelled surface
electrodes in the standard configuration of twccteteles
on the chest and one electrode on the abdomen.

Electromyography

Electromyography (EMG) measures muscle activity by
detecting surface voltages that occur when a muiscle
To provide an introduction for readers unfamiliaithy ~ contracted [30]. In isometric conditions (no movere
physiological measures, we briefly introduce theasuges  EMG is closely correlated with muscle tension [3@]hen
used, describe how these measures are collectatl, arused on the jaw, EMG provides a very good indicator
explain their inferred meaning. Based on previoustension in an individual due to jaw clenching [€n the
literature, we chose to collect galvanic skin remgo face, EMG has been used to distinguish betweertip®si
(GSR), electrocardiography (EKG), and electromypbgya  and negative emotions. EMG activity over the brow
of the face (EMGuiing and EMGrowning). Heart rate (HR)  (corrugator supercilii frown muscle) region is lower and
was computed from the EKG signal. The measuressed u EMG activity over the cheekzygomaticus majorsmile
will each be described briefly including referertcehow muscle) is higher when emotions are mildly positias
they have previously been used in technical domains opposed to mildly negative [4].

We used surface electrodes to detect smiling #&gtivi
(EMGgniing from zygomaticus major activation and
frowning activity (EMGiewning from corrugator supercilii
activation. The disadvantage of using surface aldes is
that the signals can be muddied by other facial chaus
activity, such as talking. Needles are an alteveatio
surface electrodes that minimize interference,vieeite not
appropriate for our experimental setting.

Galvanic skin response

GSR is a measure of the conductivity of the skimergé are
specific sweat glands (eccrine glands) that cause s
conductivity to change and result in the GSR . tedan
the palms of the hands and soles of the feet, thesat
glands respond to psychological stimulation ratt®an
simply to temperature changes in the body [30]. For
example, many people have cold clammy hands when th
are nervous. In fact, subjects do not have to ebwen
sweating on the palms of the hands or soles ofabeto
see differences in GSR because the eccrine swaadghct
as variable resistors on the surface. As sweas risea
particular gland, the resistance of that gland ekeses even
though the sweat may not reach the surface ofiing30].

Use of physiological metrics in HCI

Physiological metrics have only recently been usethe
domain of HCI. Researchers have used GSR and
cardiovascular measures to examine subject resptnse
video and audio degradations in video conferencing
software [34, 35], and to investigate user respdaswell-
Galvanic skin response is a linear correlate tausab[12] and ill- designed web pages [33]. HRV has been aseah
and reflects both emotional responses as well gsitbee indicator of mental effort and stress when intéractvith
activity [3]. GSR has been used extensively asndicator simulators [27, 32] and to distinguish between rdive

of experience in both non-technical domains (séddBa states of a user [6]. Partala and Surakka [25]Sutekirer et
comprehensive review), and technical domains [33\8& al. [29] both used pre-programmed mouse delays to



intentionally frustrate a computer user. Partald Sorakka
measured EMG activity on the face in response fectfe
audio intervention, while Scheirer et al. appliedddén
Markov Models to detect states of frustration.

Our previous work has examined physiological respsrto
different interactive play environments [18, 19].eW

showed that GSR and EMG of the jaw were higher when

playing against a friend, over playing against anpuater,

and we found many correlations between normalized

physiological activity and normalized subjectiveaseres,
including strong correlations between GSR and famd

EMG and challenge. We also showed how physiological

measures provide a rich, continuous, and objectougce
of information about user experience with intenaeti
entertainment technologies. Based on these resuis,
believe that physiological metrics can be used adehuser

emotional experience when playing a game; providing

continuous and objective metrics of emotion.

IDENTIFYING EMOTIONS

There has been a long history of researchers atitegnio
use physiological data to identify emotional stat&dliam
James first speculated that patterns of physiokbgic
response could be used to recognize emotion [4d, an
although this viewpoint is too simplistic, recentidence
suggests that physiological data sources can diffate
among some emotions [9, 15]. Opinions vary on wdreth
emotions can be classified into discrete emotidis ¢r
whether emotions exist along multiple axes [12,. Zjth
perspectives have seen limited success in usingiqgbygy

to identify emotional states [4]. The arousal-vakespace
(AV space) used by Lang [12] classifies emotioniD
space defined by arousal and valence (pleasuréhgUs
pictures as stimuli, Lang and colleagues mappeuiahhl
pictures to emotions as defined by the space.

Russell et al. [28] also used an arousal-valeneEesfo
create the Affect Grid. Based on their circumplexdel of
emotion, the Affect Grid is a tool to quickly asseaffect
along dimensions in AV space. Subjects place chacdks
in the squares of the grid, as a response to diffestimuli
(see Figure 2). One problem with the AV space nebihid
classifying mood is that arousal and valence maty b
independent and can impact each other. For exampie
et al. [13] had difficulty finding images that regent the
extreme regions of the unpleasant/calm quadrarsedins
that if an image is truly unpleasant, it cannobdie calm,
suggesting some interplay between these two axes.

In addition to the difficulties in classifying enimbs, when
using physiological data sources there are metlogital

Figure 2: The Affect Grid: Based on the circumplexmodel of
emotion, the affect grid allows for a quick assessemt of mood
as a response to stimuli in arousal-valence spa@8].

participants played a game in three conditionsirsga co-
located friend, against a co-located stranger,ayainst the
computer. As with our previous work, we were not
interested in whether there was a difference beatwee
playing against a friend, a stranger, or a compitér have
observed many groups of people playing with intévac
technologies, and we know that these three plagitons
yield very different play experiences; rather, werev
interested in whether our model of emotion coultkdethe
differences between the conditions.

Participants

Twenty-four male participants age 18 to 27 took pathe
experiment. Before the experiment, all participafiled
out a background questionnaire, used to gatherrmEtion

on their computer use, experience with computer\éaeo
games, game preference, console exposure, andnpkrso
statistics such as age and handedness.

Participants were recruited in pairs to ensure tiey
would be playing against a stranger in only on¢hef co-
located conditions. We wanted all of the particigato be
independent subjects, statistically unrelated tgp ahthe
other participants, so we only treated one playeeach
pair as the participant. As such, we designed ther@ment
for 12 participants in 12 pairs, and we report datal2
participants; one member of each pair.

All participants were frequent computer users. Whsked
to rate how often they used computers, all 12 stbjesed
them every day. Participants were also frequentegam
playing either computer games or console gamedadgu

Play conditions

issues that must be addressed [26], and theoreticabyticipants played the game in three conditiogsirest a

limitations to inferring significance [5]. Discusgj these
issues are beyond the scope of this paper.

USER STUDY
We conducted a study to inform the design of ainopus
model of emotion, based on physiological respansEse

co-located friend, against a co-located strangad,against
the computer. Order of the presentation of the itimmd
was fully counterbalanced. Participants played N2003
by EA Sports in all conditions (see Figure 3). 8ixthe
pairs were very experienced or somewhat experiendtéd
the game, three pairs were neutral in their expedgwhile



the other three pairs were somewhat inexperientée.
stranger remained constant for all participantd, \was a 29
year-old male gamer, who was instructed to matath ea
participant’s level of play to the best of his #bil

Each play condition consisted of one 5-minute erid
hockey. The game settings were kept consisteningtiach
pair during the course of the experiment. All piayased

the Dallas Stars and the Philadelphia Flyers as the

competing teams, as these two teams were comparable
the 2003 version of the game. All players usedotherhead

camera angle, and the home and away teams were kept

consistent. This was to ensure that any differenbsgrved
within subjects could be attributed to the changeplay
setting, and not to the change in game settingsieca
angle, or direction of play. The only differencetveeen
pairs was that experienced pairs played all camitiin a
higher difficulty setting than non-experienced @es/

Experimental setting and protocol

The experiment was conducted in a laboratory ato8im
Fraser University. NHL 2003 was played on a Song,PS
and viewed on a 36" television. A camera captureth lof
the players, their facial expressions and their ofs¢he
controller. The game output, the camera recording, the
screen containing the physiological data were syorihed
into a single quadrant video display, recorded datue,
and digitized (see Figure 3). The recording alsot@ioed

Figure 3: Quadrant display: a) camera feed of the
participants, b) screen capture of the biometricsg) screen
capture of the game, audio of the game, and audid ahe

participants’ comments.

“This condition was boring”, rating their agreement a 5-
point scale with 1 corresponding to “Strongly Disesy
and 5 corresponding to “Strongly Agree”. The same
technique was used to rate how challenging, exgitin
frustrating, and fun the condition was. The htmdzh
guestionnaire was filled out using a laptop compute
reduce the physiological impact of communicatinghvthe

audio of the participants’ comments from a boundary €xperimenter [19]. After completing the experiment,

microphone, and audio output from the game.

subjects completed a post-experiment questionnife.
asked them to decide in retrospect which conditicas

Physiological data were gathered using the ProCompmgst fun, most exciting, and most challenging.

Infiniti system and sensors, and BioGraph Softwiaoen
Thought Technologies. Based on previous literatuve,
chose to collect galvanic skin response
electrocardiography (EKG), and electromyographythe
face (EMGmiing and EMGuowning. Heart rate (HR) was
computed from the EKG signal. We only collected
physiological data for the participant, not for thiend or
stranger. To maintain the perception that both gigyvere
participants in the experiment, we treated botlygia as if
their physiological signals were being collectede ¥itted
both players with sensors, tested the sensor pkateto
ensure that the signals were good, and pluggecita
sensors into ports on the back of the unit.

Upon arriving, participants signed a consent foiirhey
were then fitted with the physiological sensorsfoBe each
experimental condition, participants rested for Butes
while listening to a CD containing nature soundsieT
resting period allowed the physiological measuoegeturn

to baseline levels prior to each condition. In prio
experiments we saw that the act of filing out the
guestionnaires and communicating with the experteren
altered the physiological signals [19]. The restpegiods
corrected for these effects.

After each condition, subjects rated the conditimng a
Likert Scale. They were asked to considerstagement,

(GSR),

Data analyses

The subjective data from the questionnaires wesdyaad
using non-parametric statistical techniques. Imgpf the
physiological data, EKG data were collected at 256
while GSR, respiration, and EMG were collected 2.
HR was computed at 4 Hz. Physiological data fohaast
period and each condition were exported into a Meisy
EKG data may produce heart rate (HR) data where two
beats have been counted in a sampling intervaherbeat
has been counted in two sampling intervals. Weeas
the HR data and corrected these erroneous samipks.
data were interpolated since HR was sampled atarlo
frequency than the EMG or GSR signals.

Each data signal was smoothed with a moving average
window of 4 frames (0.125 seconds), with the exoepof
GSR, which was filtered using a 5-second window {8
then normalized each signal into a percentage lestvie
and 100. There are very large individual difference
associated with physiological data, and normalizhegdata

is necessary in order to perform a group analydie
transformed each sample into the percentage apha of
that particular signal, for that particular pap@nt across
all three conditions. Using GSR as an example, abail
minimum and maximum GSR were obtained for each
participant using all three conditions and the mastiod,



and the same global values were used for normglizin
within each condition.

Normalized GSR(i) E GSR(- GSRmin
GSRmax- GSRmir

x 100

BUILDING THE MODEL OF EMOTION

We used the normalized GSR, HR, EMf, and
EMGrtowning Signals as inputs to a fuzzy logic model. To
generate values for user emotion, we modeled the ida
two parts. First, we computed arousal and valeradaes
from the normalized physiological signals, thendudeese
arousal and valence values to generate emotiorevdhr
boredom, challenge, excitement, frustration, and. flio
generate a model of emotion, we used half of the
participants (one for each play condition ordeegserving
the other six participants for validation of thedebt

Details of how the fuzzy system was designed (the Figure 4: Modeling arousal and valence from physiagical
development, implementation, and comparison of the data. The number of membership functions applied t¢hat
output of the fuzzy logic models to a manual apphyaan input or output follows the input /output labels. The system
be found in [17]. The current paper presents a-teghl used 22 rules to transform the 4 inputs into the dutputs.
description of the model, the comparison of the ehdd

reported emotion, and its potential use in HCI eatibns.

Modeling AV space

To make use of the continuous nature of physiokigiata,

we used the complete time series for each inputsueh,

we were able to generate a new time series of the
participant's experience in AV space, rather thavirng
only one data point for an entire condition (e.gam).

Our model of physiology to AV space had four inputs figyre 5: Surfaces depicting how GSR, HR, EMGhiing, and
(GSR, HR, EMGuiing and EMGeowning and two outputs EMG fromning are converted into arousal and valence.
(arousal and valence) (see Figure 4). Inputs were

normalized signals (0-100), while outputs were patages ~ USINg the Affect Grid [28], developed from the cimaplex
of the possible maximum (0-100) value for arousadl a model of emotion (Figure 2), we transla_lted our aeband
valence. For each input signal, the membership tiome valence values from the first model into a languade

were generated using characteristics of that pdatisignal ~ €motion. Five emotions were modeled: boredom, ehg#,
over all participants and conditions. The 22 rutesre excitement, frustration, and fun. These are theeséiue

grounded in the theory of how the physiologicalnsig emotions that participant§ rated after eac_h playditmn.
relate to the psychological concepts of arousahatence. ~ AS Such, our AV to emotion model (see Figure 6) hea
GSR correlates with arousal, and increasing GSR wadNPuts (arousal and valence), and five outputs gom,
mapped to increasing arousal. The extreme highlawd chall_enge, excitement, frustration, and fun). Merabi
levels of GSR were modulated by HR data; if HR was functions for the outputs, and the rules were gerelr by
contradictory, arousal was altered, otherwise abuss  dividing emotions into four states based on AV spaery
maintained. Valence increased with increasing &vefi  1OW, low, medium, and high (see Figure 7). A
EMGqminy and decreased with increasing levels of comprehensive discussion of the membership funstiom

EMGiowning A full discussion of the membership functions rules for the model can be found in [17]. Inputs antputs
and rules for the model can be found in [17], whiigure 5 Were represented as percentages of the possibienonax

shows the surfaces generated from the model.
COMPARISON OF MODEL TO SUBJECTIVE DATA

To analyze the effectiveness of our model, we szt

gathered from the six subjects not used in the rg¢ioe of

the model. Data were smoothed and normalized ufiag
previously described method. Both models were agdpio

the data and the time series for each emotion exgeaged
to compare modeled emotion to the subjective resgmn

Modeling emotion from AV space

To make the most of the rich, continuous physialabi
data, we modeled the entire AV space time seriesitiog
continuous metrics of emotional experience.



Figure 6: Modeling emotion from arousal and valenceThe
number of membership functions applied to that inpa or
output follows the input /output labels. The systenused 67
rules to transform the 2 inputs into the 5 outputs.

Figure 7: Our representation of levels of emotionn arousal-
valence space. The x axis indicates increasing vade, while
the y axis indicates increasing arousal.

Modeled emotion
Mean modeled emotions (represented as a percentege)

Reported emotion

Participants were asked to rate the boredom, aigdle
excitement, frustration, and fun of each conditama 5-
point scale. Friedman tests for 3-related sampmesaled
no differences between conditions (see Table 2JrEi§).

Comparing modeled and reported emotion

Although there were no subjective differences betwe
conditions, plotting the means reveals that themrew
definite trends (see Figure 9). Furthermore, pigttihe
modeled emotion means reveals the same trends for
boredom, excitement, and fun (see Figure 8).

To determine how closely the modeled (objectiveptom
resembled reported (subjective) emotion, we cawdldhe
two data sources for each emotional state. We used
Spearman’s rho, since reported emotion is non-petr&m
while modeled emotion is parametric. The subjectwvel
physiological emotional state were significantlyrretated
for fun (rho=.99, p<.001), and excitement (rho=.99,
p<.001); the same two emotional states where thdemo
revealed significant differences across play caomakt
There was no correlation for boredom (rho=.50, B3)3or
frustration (rho=.50, p=.333). Although the samentts
were present for reported boredom and modeled bared
the values for modeled boredom were very low andlai;

the same problem existed with frustration. Bothtluése
modeled emotions suffered from issues with scalivigch

is discussed later in this section.

There was a correlation for challenge (rho=.990p%), but
the correlation was inverse, as seen in FiguredBFagure

9. There were no significant differences from play
condition for either modeled or reported challenge;
however, the correlation reveals an inverse raiatip. In
modeling challenge, we assumed that a player’s satou
would increase with challenge; however, upon furthe
examination, this pattern was not always true. Some
participants’ comments revealed a strategy to aitetm
relax when challenged, in order to improve their
performance. Obviously, how participants handlellehge

in a game is an individual strategy and additiomatk is
required before challenge can be modeled accurately

We also examined the subjective results from thst-po
experiment questionnaires. Frequencies of respofwmes
which condition was deemed the most fun, most

analyzed using a repeated measures MANOVA with thechallenging, and most exciting were tabulated, asew

five emotions as dependent measures, and playteammdis
a within-subjects factor. Play condition signifitign
impacted fun and excitement, but not frustratiaoredom,
or challenge (see Table 1, Figure 8). Post-hocyaisl
revealed that players were having more fun whegima
against a friend than when playing against a stang a
computer, and that playing against a strangerma® fun

than playing against a computer. Playing againfiead

was more exciting than playing against the computbile

playing against a stranger was marginally more tegi
than playing against the computer.

frequencies for the play condition with the maximum
modeled fun, challenge, and excitement. For fubjestive
choice and modeled choice were matched for 5 of6the
(83%) participants; for excitement, subjective cleoand
modeled choice matched for all 6 (100%) participafr
challenge, only 1 of the 6 (17%) matched. Thesealies
corroborate aforementioned results.

Although the trends between conditions are sinfidamost
of the emotions, there are apparent differenceshim
relative strength of the emotions. Our model repngs the



Computer | Friend | Stranger | F;10 | Sig. 2 Computer | Friend | Stranger : Sig.
Boredom 8.5 6.0 6.5 2.7 118 | .35 Boredom 22 15 22 14 .504
Challenge 17.3 18.2 225 0.55 | .594 | .10 Challenge 4.2 3.7 35 1.6 444
Excitement [21.0 52.1 42.1 5.0 .032 |.50 Excitement | 3.7 4.7 4.2 45 .104
Frustration | 9.7 6.1 7.3 2.4 145 | .32 Frustration | 3.5 3.0 2.3 25 291
Fun 46.7 64.2 56.9 22.1 | .003 | .85 Fun 4.0 5.0 4.3 5.6 .062

Table 1: Means for modeled emotion, represented as
percentage. There was a significant difference inkeitement
and fun between play conditions.

Emotions from Physiological Model

@ computer
60 - 0 friend
0O stranger :E

Mean Percentage

boredom challenge excitement frustration fun

Figure 8: Means (+SE) of modeled emotion, represesd as a
percentage, separated by play condition.

Table 2: Means for subjective responses on a 5-poiscale. A
response of “1” corresponded to “low” and “5” to “high”.
There were no differences between play conditions.

Emotions from Subjective Reports
@ computer
0O friend
54 0 stranger
[o))
£ 44
g
v 37
=
S 24
2
S 1
(7]
0 - ‘ ‘
boredom challenge excitement frustration fun

Figure 9: Means (+SE) of the subjective reports oa 5-point
scale, separated by play condition.

emotion as a percentage of the possible maximum an@motion from physiological data is very powerfulibsan
minimum, given the available data. Computer ganmes a continuously and objectively provide a quantitatimetric

generally fun, enjoyable experiences. Although er usay
be frustrated, and may rate this frustration agyfaigh on
a 5-point scale, this frustration will be low wheompared
to the frustration experienced by getting a fla¢ ton the
way to an important appointment, or by trying tontawt
technical support for a lousy local internet pra@ridBy the
same logic, the boredom reported by subjects wilhuch
lower than the boredom experienced during a rdadhjng

of user experienceithin a play condition. The mean values
shown in Figure 8 are derived from a time seriegHe five
modeled emotions. Figure 10 shows one participant's
modeled frustration over time for the three plapditons.
The mean values reveal that participant three wast m
frustrated when playing against the computer,
(mean=19.8%), followed by playing against a strange
(mean=13.1%), and playing against a friend (meds4p.

lecture given by a monotonous professor. We askedout means alone do not tell us whether the toniel levas

participants to agree with the statement “this diomn was

frustrating”. Had we asked them to rate their resgoas a

ratio of how frustrating it was compared to a flae¢ on the
way to an appointment, we probably would have seech
different subjective results. In contrast, our no@dées a

global approach to the scaling of emotion, so ar'sise
frustration is given as a percentage of the maximum

possible frustration, given the available data. sken in
Figure 8 and Figure 9, boredom, challenge, andrtisn
are significantly lower for modeled emotion, whilen and
excitement are only somewhat lower. This result
expected, since playing a computer game can be it
and exciting, but perhaps not as fun and excits\gding a
rollercoaster or attending a rock concert.

MODELED EMOTION: A CONTINUOUS DATA SOURCE

Mean modeled emotion is an objective and quantéati

metric for evaluating interactive play technologitsat
reveals variance between conditions. In additiondefed

raised or whether there were more phasic responses.

Figure 10 shows that not only were there more ghasi
responses (frustrated episodes) when playing agées
computer over playing against a friend or strangat,that
these frustrated episodes lasted longer and weagtegrin
amplitude. When playing against a friend, the fatsd
episodes were fewer in number, and smaller in dogsi
showing that both tonic level and the number of siha
responses were reduced. Modeled emotion pinpoints

._moments in time when a user’s frustration was chng

This is particularly beneficial when there is ncéline or
comparative condition. Researchers and developars c
uncover individual moments when a user begins tb ge
stressed, starts having fun, or becomes bored. This
information could be used as an evaluative tootauid be
used to dynamically adapt game settings (e.g. cdiffy
level) to keep players engaged, preventing themmfro
becoming frustrated or bored.



Figure 10: Frustration for one participant in three conditions.

Examining the mean output may reveal differences l@een

conditions; however, examining the entire time seés reveals
how a participant’s emotional state changes overrtie.

SUMMARY

Mean emotion modeled from physiological data presia
metric to fill in the knowledge gap in the objeetiv
guantitative quadrant of evaluating user interactigith
entertainment technologies. In addition, the enmotib the
user can be viewed over an entire experience, liagethe
variance within a condition, not just the variarmtween
conditions. This is especially important for evding user
experience with entertainment technology, because t
success is determined by tpeocessof playing, not the
outcomeof playing [23]. The continuous representation of
emotion is a powerful evaluative tool that can lasilg
combined with other evaluative methods, such a®ovid
analysis. Given a time series of emotional
researchers can identify interesting features, sasha
sudden increase or decrease in an emotional gtza,

investigate the corresponding time frame in a videoq

recording. This method would drastically reduce tinee
required to qualitatively examine video of useremttion
with entertainment technologies.

Modeled emotion corresponds to reported emotionrfost
of the emotions that we investigated. Challenge was

output,

exception that requires additional research on peaple
differentially respond to challenge in play. Foe thther
emotions, the trends were similar between the stitage
and objective methods, but the relative strengtls wat.
Modeled emotions took the maximum potential experge
into consideration, whereas the same was not tfue o
reported emotion. To scale reported emotion, onadco
choose to ask questions that contained scalingegltsm

FUTURE WORK AND CONCLUSIONS

In addition to integrating the modeled emotion witier
evaluation methods, there are other research winscto
consider. We developed models for five emotionatest
that we felt were relevant to interaction with etagment
technology. We would like to consider other reldgvan
emotional states that can be described by arousdl a
valence, such as disappointment, anger, or schaaleie.

In addition, we would like to see if our method can
generalize to interaction with other play technigsg
specifically, to study user behaviour in ubiquitqiay [2,
16] environments. Once generalized, modeled emation
be used to dynamically adapt play environments depk
users engaged. When the software determined thgéensl
were getting bored, the challenge of the task cindckase,
or the challenge of the task could decrease ifgrayvere
becoming overly frustrated. Furthermore, the teghes
described in this paper could be adapted to anayzser’s
emotional response to productivity software, oreotivork-
related interactive technologies.

We have presented a method of modeling user enabtion
state when interacting with play technologies. Mede
emotions can be a powerful evaluation approach useca
they are objective and quantitati{élling a knowledge
gap); they account for user emotion; and they pmitese
method of continuous evaluation over an entire g
revealing process as well as variance. Furthermire,
modeled emotions show the same trends as reported
emotions for fun, boredom, and excitement; howeths,
modeled emotions revealed differences between play
conditions, while the differences between the sttbje
reports failed to reach significance.

We have shown that there is great potential fongusi
physiological metrics to model emotional experiemdgth
interactive play technologies.
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