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Abstract We present further developments in our work omgsilata from real
users to build a probabilistic model of user affeetsed on Dynamic Bayesian
Networks (DBNs) and designed to detect multiple &oms. We present analy-
sis and solutions for inaccuracies identified bypr@vious evaluation; refining
the model’s appraisals of events to reflect mowesely those of real users. Our
findings lead us to challenge previously made agstions and produce insights
into directions for further improvement.

1 Introduction

The assessment of users’ affect is increasinglpgazed as an informative task when
attempting to improve the effectiveness of inteilaetsystems. Information on the
user’s affective state is particularly important avhthe user is focused on a highly
engaging task where inappropriate system intereestimay be especially disruptive,
such as learning in simulated environments and atiocal games.

Educational games attempt to stimulate studenhiegrby embedding pedagogical
activities within a highly engaging, game like eraiment. We are working to im-
prove the pedagogical effectiveness of these galpyeproducing intelligent agents
that monitor the student’s learning progress andegate tailored interactions to im-
prove learning during game playing. To avoid ingifg with the student’s level of
engagement, these agents should take into acchenstudent’s affective state (in
addition to her cognitive state) when determininigemn and how to intervene.

Assessment of emotions, particularly the multipfesific emotions that educa-
tional games can generate, is very difficult be@atl®e mapping between emotions,
their causes, and their effects is highly ambigu§l@]. However, we believe that
information on specific emotions may enable moregse and effective agent’s inter-
ventions than a simpler assessment of arousal Enea (e.g.[1]), or stress [7]. To
handle the high level of uncertainty in this moadejitask, we have devised a frame-
work for affective modeling that integrates in a itamic Bayesian Network (DBN)
information on both thecausesof a user’'s emotions and thedffectson the user's
behavior. Model construction is done as much assitds from data, integrated with
relevant psychological theories of emotion and peadity. The inherent difficulties of



this task include: the novel nature of the phenoanérat we are trying to model, the
limited existing knowledge of users’ emotional réans during system interaction,
especially within the context of educational gamasd the difficulty of observing
variables that are key to the assessment of affect.

We have been using data collected in a serieduafiss (e.g. [3,11]) to construct a
probabilistic model of the user’s affective statat is based on the OCC model of
emotions [9]. The data from our most recent st{dlywas used to evaluate the model
we have built so far. Although there have been eatibns using aggregated data [6]
and evaluations of sources of affective data (8]y.fo the best of our knowledge this
is currently the only evaluation of an affectiveeusnodel embedded in a real system
and tested with individual users. Our results showmat if the user’s goals could be
correctly assessed then the model could producsoredbly accurate predictions of
user affect, but also revealed some sources oftmacy that needed to be addressed.
We recognize that the assessment of the user’'ssgoalst be improved before the
model can be used autonomously within a real systdowever, solutions for the
other sources of inaccuracy within the model's el assessment will help clarify
the full requirements of the goal assessment task.

In this paper we address previously identified doaracies within the model’s
mechanism of emotional appraisal. We then re-eveltize refined model, producing
insights into additional refinements that would guze further improvement.

2 The Affective User Model

Fig. 1 shows a high level representation of twodislices of our affective model. The
part of the network above the nodémotional Statesepresents the relations between
possible causes and emotional states, as theyemaited in the OCC theory of emo-
tions [9]. In this theory, emotions arise as a fesii one’s appraisal of the current
situation in relation to one’s goals. Thus, our DERi¢ludes variables foGoalsthat a
user may have during the interaction with an ediacagame and its embedded peda-
gogical agent (for details on goal assessment 5&p.[Situations consist of the
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outcome of any event caused by either a user'snoagent’s action (nodedser Ac-
tion Outcomeand Agent Action OutcomeAn event's desirability in relation to the
user’s goals is represented IBoals Satisfiedwhich in turn influences the user’s
Emotional StatesThe part of the network below the nodeésotional Stateprovides
diagnostic assessment from bodily reactions knanearrelate with emotions.

We have instantiated and evaluated the causalgddite model to assess players’
emotions during the interaction with the Prime ireducational game. In the rest of
the paper we will focus on the refinement and easibn of the appraisal part of this
causal model (the bold nodes and links in Figure 1)

Causal Affective Assessment for Prime Climb

Figure 2 shows a screenshot of PrimeClimb, a gaesigihed to teach number factori-
zation to 6" and 7" grade students. In the game, two players must etate to climb a
series of mountains that are divided in numberextags. Each player should move to
a number that does not share any factors with laetmner’s, otherwise she falls. Prime
Climb provides two tools to help studentsmeagnifying glasso see a number’s fac-
torization, and &elp boxto communicate with the pedagogical agent we ariging
for the game. In addition to providing help wherstdent is playing with a partner,
the pedagogical agent engages its player in a ¢fra Climb” during which it climbs
with the student as a climbing instructor.

The affective model described here assesses tlestfs emotions during these
practice climbs. Figure 3 shows the appraisal pathis model created after the stu-
dent makes a move. As the bottom part of the figsiiews, we currently represent in
our DBN 6 of the 22 emotions defined in the OCC mebdrhey areJoy/Distressfor
the current state of the ganferide/Shameof the student toward herself, adadimira-
tion/Reproachtoward the agent, modeled by three two-valued so@enotion for
game emotion for selandemotion for agent

Let's now consider the workings of the part of tim@del that assesses the student’s
situation appraisal in Prime Climb. In this pafttbe model the links and Conditional
Probability Tables (CPTs) betweeBoal nodes, the outcome of the student’'s or
agent'’s action, anoal Satisfiednodes were based on subjective judgment because
our previous studies focused on collecting dataefine the model's assessment of
student goals. For some links, the connections wgiige obvious. For instance, if the
student has the go&void Falling a move that results in a fall will lower the prob
ability that the goal is achieved. For other godilse Have FunandLearn Math the
connections were not obvious and we did not havedgbeuristics to create the ap-
praisal links. Thus we postponed including thenthie model until we could collect
data from which to determine an appropriate streetu

The links betweeroal Satisfiedhodes and the emotion nodes are defined as fol-
lows. We assume that the outcome of every agertudent action is subject to stu-
dent appraisal. Thus, ea¢hoal Satisfiednode influencegmotion-for-gameJoy or
Distresg in every slice. If a slice is generated by a stntlaction then eacBoal Sat-
isfied node influencegmotion-for-selfslice t in Fig. 3). If a slice is generated by an
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agent’s intervention, theemotion-for-agents influenced instead (slice not shown due
to lack of space). We also assume that a studehéehas a goal or does not (i.e. we
do not model goal priority) and that the studensthe same goals throughout the
game session. The CPTs for emotion nodes were eléfio that the probability of the
positive emotion is proportional to the number fa Goal Satisfiechodes.

When we evaluated the affective model that includleid version of the appraisal
component [4], we discovered two main sources atiruracy:
Source 1:Joy and Distressdue to student actions. The absence of links (as shown
in Fig. 3) between the outcome of a student’s mand the satisfaction of goaléave
Fun andLearn Mathmade the model underestimate the positive emotiowards the
game for students that only had these goals. Tddsiced the model’s accuracy faoy
from 74% (without these students) to 50% and higiiéd the need to collect data to
create the missing links. The model also underesiéth the negative emotions felt by
some students when falling repeatedly and thuslbadaccuracy foDistressof 57%.
Source 2: Admiration and Reproachtowards the agent. The subjective links be-
tween agent actions and goal satisfaction had chtlse model to underestimate the
students’ positive feelings towards the agent. Trizsduced an accuracy of 20.5% for
Admiration and 75% forReproach further highlighting the need to collect data to
refine the connections in the appraisal part ofriedel.

3 User Study

The general structure of this new study was simitathe previous one. Sixty-siX"6
and 7" grade students from 3 local schools interactedwitime Climb, and, during
the interaction, were asked to report their feedingwards the game and towards the
agent using simple dialogue boxes. However, whilghie previous study the agent
was directed in a Wizard of Oz fashion, in thisdgyuhe agent was autonomous and
based its interventions on a model of student legyrf5]. While the model of student
affect was dynamically updated during interactithe pedagogical agent did not use it
to direct its interventions. However, the assessmefi the affective model were in-
cluded in the log files, for comparison with theident’s reported emotions.

As in the previous study, students completed atpet-on number factorization, a
post-questionnaire to indicate the goals they hadnd) game playing, and a personal-



ity test. However, they also filled in two additial questionnaires, one on game
events that could satisfy the gddhve Funand one on events that could satisfy the
goal Learn Math Each questionnaire contained a list of statemerfitthe type |
learnt math/had fun when <eventxhich students rated using a 5-point Likert scale
(1=strongly disagree, 5=strongly agree). The evéstisd included:

For Have Fun-— all student actions already in the model (a ssstul climb, a fall,
using the magnifying glass, using the help boxjsskeaching the top of the mountain.
For Learn Math

- all student actions already in the model (the s@s@bove), plufllowing the
agent’s adviceandencountering big numbers
— agent interventions already in the model that wieatended to help the student
learn math (reflect on reasons for success, refbecteasons for failure), plus
think about common factoranduse the magnifying glass
The italicized items at the end of each list abdnag not been explicitly included in
the model before, but were added based on anecdutdénce suggesting that they
may help to satisfy these goals. We did not askistus about agent actions that satis-
fied the goalHave Funor other events that already satisfied other gaethin the
model due to limitations on time and to avoid stottebecoming fatigued.

4 Refinement of the Model's Causal Affective Assssment

Before discussing how we refined the model usintgadeom the new study we de-
scribe how well the existing model performed on tieav data set.

We measured the model's accuracy as the percerthgssessments that agreed
with the students’ reports for each emotion pairg(eloy/Distresk If the model’s
corresponding assessment was above a simple thdestem it was predicting a posi-
tive emotion, if not then it was predicting a neigatemotion. The threshold was de-
termined using the data from our previous study [4]

Table 1 shows the accuracy obtained using threg-fwbss-validation when the
goals students declared in the questionnaire agel @s evidence in the model; each
iteration used one-third of the data as a testBleé results show that the inaccuracies
discussed earlier still affect the model's perfonoa on the new data set. The high
variance forJoyis due to one test set containing some studentsevity had the goals
Have Funor Learn Math thus the model underestimated their positive oesgs. The

Table 1. Emotional belief accuracy of the initial modelrfthe new data set.

Emotion Accuracy (%)
Mean Std. Dev. Total data points

Joy 66.54 17.38 170
Distress 64.68 29.14 14
Combined J/D 65.61

Admiration 43.22 12.53 127
Reproach 80.79 6.05 28
Combined A/R 62.00




high variance oDistressis due in part to the small number of data poirfist it is
also due to the model underestimating the negdeedings of some students who fell
repeatedly. The low accuracy féxdmirationand high accuracy foReproachagree
with the results of our previous study.

Assessment of Joy Due to Student Actions

The students’ answers to the questionnaires indit#hat all of the events related to
student actions were relevant to some degree. W¥eetbre scored all possible net-
work structures using their log marginal likeliho®l, as we did for [11], in order to
determine which events made a difference to the elisdissessments. We found that
(i) the outcome of the student’s move influenced #atisfaction of the godave Fun
and (ii) whether the student encountered a big neimbfluenced the satisfaction of
the goalLearn Math

We included these findings in the model as followsst, we added a node for the
new eventBig number,and corresponding links to goal satisfaction noddée based
our definition of a big number on the large numbé&exqquently incorrectly factorized
in the students’ pre-tests. Second, we used thdystiata to set the CPTs for the goal
satisfaction nodes fadave FunandLearn Math.Fig. 4 shows the revised time slice.
Each new node and link is drawn using heavier lines

Appraisal of Agent Actions

As mentioned earlier, the model’s initial accuramyassessing emotions towards the
agent showed that we needed to revise and refieeettisting links modeling how
appraisal of the agent’'s actions affects playerabdons. Data analysis targeting this
goal consisted of two stages.

Stage 1 First, we analyzed students’ questionnaire iteelated to the influence of
agent’s actions on the goakarn Math We scored all possible network structures
using their log marginal likelihood and found thatir current structure received the
highest score. Therefore our only refinement tortieel based on these findings was
to use the study data to refine the CPTs linkingrigactions to the satisfaction of the
goalLearnMath. However, a preliminary evaluation of these changleowed that the
model was still underestimating students’ adminatioward the agent. Thus, we
moved to a second stage of data analysis.

t After student’s actiol
i

iUser’s Goals

CHave Fun>

Fig. 4. Revised sub-network for appraisal after studetioac



Stage 2 We analyzed the log files of each student’'s sms40 identify situations in
which students gave positive or negative reportgaias the agent. The results are
shown in Table 2. Congratulation by the agent {fi®w in Table 2) was already in-
cluded in the original model as satisfying the gbeklve Fun Our data confirms that
this action generates students’ admiration, alttoiigannot tell whether this happens
through the satisfaction of the gddhve Fun

The second situation in Table 2 shows that studeris are generally successful
are usually either happy or neutral towards thenageegardless of their goals. This
suggests that the students’ positive feelings talwhe game will positively influence
their attitude towards the agent. We translated fimding into the model by adding a
link from the student’s emotion towards the gamettie previous time slice to the
student’s emotion towards the agent. This new liakd all the additions described
below, can be seen in Figure 5.

The final two situations in Table 2 show reportegblings towards the agent when
the student was falling and either received helglidrnot. Analysis of these situations
revealed that approximately half of the student®w#ported reproach and half of the
students who reported admiration when the agemrweined had declared the goal
Succeed By MyselfThis seems to indicate that, although some of ghelents may
have wanted to succeed by themselves most of the, twhen they began to fall they
reduced the priority of this goal in favor of wang help. This invalidates two of the
choices previously made in the model implementat{®nto ignore goal priority; (ii)
to assume that goals are static during the intewacBecause we currently don’t have
enough data to model goal evolution in a principledy, we only addressed the im-
plementation of multiple priority levels to modehd relation betweeisucceed By
Myselfand wanting help. The model was changed as follows

First,we added an additional go&ant Help The satisfaction ofVant Helpis de-
pendent on two factors: the outcome of the studemove (i.e. a successful climb or a
fall) and the agent’s action. When the studentsfalVant Helpcan only be satisfied if
the agent provides help. If the agent congratulgiiesstudent, or does not perform any
action, then this goal is not satisfied. If the démt does not fall then satisfaction is
neutral.

Second, we tried to determine which students’ sraitfluenced their attitude towards
receiving help during repeated falls. From our datee only factor that seems to play a
role is students’ math knowledgé Fisher test on the students’ pre-test scores and
whether they demonstrated that they wanted helpvslddoa significant relationship
(Fisher score = 0.029). Thus, a new node, reprasgmdrior math knowledge, was
used to influence the priorities a student giveshe goalsSucceed By Myse#nd

Table 2. Situations where students report#&dmirationor Reproach

Situation #S_tudents reporting
Admiration|Neutral Reproach
Student reaches mountain top, is congratulatedgeys. =~ 12 13 2
Student is generally successful 26 19 4
Student falls frequently and agent intervenes 10 6 7
Student falls frequently and agent doesn't inteeven 6 8 7
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Want Help If the student has high knowledge, then satiséacof Want Helpis given
higher weight in the CPT defining the influence gdals satisfaction on emotion to-
wards the agent. If the student has low knowledgsisfaction ofSucceed By Myself
is given higher weight instead.

Third, the node representing the available ageatsons was refined to include
the agent choosing not to intervene. Abal Satisfiednodes other thaSucceed By
MyselfandWant Helpwere given a neutral satisfaction for this newiaect Want Help
was discussed earliebucceed By Myselfas given a small probability of satisfaction
to reflect possible mild positive feelings towartle agent for not interrupting in gen-
eral rather than at specific events.

Evaluation of the New Model

To evaluate the model changes discussed aboveeplayed the event logs recorded
during the study using a simulator that used thénesl model. We added an addi-
tional ‘no action’ event after each student actitviat was not followed by an agent
intervention. We performed cross-validation usihg tata from our current study;
each iteration used two-thirds of the data to triie refined CPTs and one-third as a
test set. Table 3 shows the results of the re-eta&n, when students’ goals from the
post-questionnaires are used as evidence in theemd®d get evidence on the newly
added goaMWant Help we relied on student answers to the questionnaém ‘I
wanted help when | became stuckriginally used together with another item to as-
sess the goducceed By Myself

We start by discussing the accuracy resultsfdmiration/Reproachbecause that
will facilitate the discussion aloy/Distress
Accuracy of Admiration/Reproach Table 3 shows that, although accuracy Aatmi-
ration improved considerably, accuracy féteproachdropped off a comparable
amount, bringing the combined accuracy to be shgldwer than the accuracy of the
previous model. However, the high accuracy Reproachin the previous model was
a fortunate side effect of underestimatidgimiration Instead, an analysis of the
model's assessment in relation to the interactisinsulated from the log files shows
that high accuracy foAdmiration in the new model is mostly due to the added
changes. The same analysis revealed that low acgdor Reproachis mainly due to
two factors. Firstgoals declared by students at the end of a gang@a@edid not seem



Table 3. Emotional belief accuracy of the refined model

. Previous Accuracy (% Revised Accuracy (% .
Emotion Mean Std. )Ié)fav.) Mean Std.yD(ev). Data points

Joy 66.54 17.38 76.26 1.75 170
Distress 64.68 29.14 71.30 40.48 14
Combined J/D 65.61 73.78

Admiration 43.22 12.53 74.71 1.50 127
Reproach 80.79 6.05 38.23 19.23 28
Combined A/R 62.00 56.47

to match their goals throughout the game. Somessitgldid not declare the godlant
Help, but their reports showed that they wanted helemwlthey began to fall. Other
students declared the goal but then did not wai.FEhis is additional evidence that
goal’s priority can change during the interactiamd shows that the model is sensitive
to these changes, confirming that in order to inyerdhe model's accuracy we will
have to lift the current model's assumption of Btajoals. Second, using only previ-
ousmath knowledge to help assess each student’s @étitoward wanting help incor-
rectly modeled some of the students. There appedetother factors that should be
taken into account, such as personality traits. 8vkected personality data during the
study but encountered difficulties due to the gehéntegrity of the students when
describing their personality. We are investigatioifper methods for obtaining more
reliable personality measurement.

Accuracy of Joy/Distress As we can see from Table 3, the accuracy Joy and
Distressincreased to about 76% and 71% respectively imid& model. The increase
in Joy accuracy is mostly due to the changes discussefleiction 4. However, we
should note that the impact of these changes iiglgrreduced by the goal fluctua-
tion issues discussed above. Recall that the n®dglpraisal of agent actions also
affects the assessment &fy and Distresstoward the game (Figure 5). From log file
analysis, we saw that fluctuations of the giédnt Helpmade the model overestimate
the negative impact of episodes of not receivingpHer another group of 8 students
who reported this goal, did not receive help whbayt were falling, but still reported
joy toward the game and neutral or positive feetiigward the agent. It appears that,
while we are correctly modeling the priority théigise students give to tisatisfaction
of receiving help (thus the improved accuracy fdmaration), we are overestimating
the importance that they give to this goait being satisfiedThus, as it was the case
for Admiration/Reproachthere appear to be other student traits thatnddeled,
could further improve model accuracy.

The refinements made to asségdmiration/Reproactare the main reason for the
improvement inDistress because they correctly classified tBéstressreports given
by a student who was falling repeatedly, had thalgvant Helpand did not receive
help. These few correctly classified reports haighiimpact because of the limited
number ofDistressreports in the dataset (as the high variation Bastressshows).
Note that this same student did not repReiproachduring the same falling episodes,
so he does not improve the moddReproachaccuracy.



5 Summary and Future Work

Building a user model of affect from real data isry difficult; the novel nature of the
phenomena that we are trying to model, the limigedsting knowledge of emotional
reactions during system interaction, especiallyhimitthe context of educational
games, and the difficulty of observing key variablall contribute to the inherent
complexity of the task.

In this paper, we have addressed sources of inacguiound within our model of
user affect during a previous evaluation by refgqithe model's appraisal of both
student and agent actions. We used data collectad feal users to revise the rela-
tionship between game events and the satisfactidwe goals,Have FunandLearn
Math. We also used the data to analyze students’ deuowards the agent and de-
termined the common situations in which they chahgkhis analysis led to the intro-
duction of a new goalWant Help the appraisal of the agent not giving help, ahd t
first steps towards accommodating students giviiffgient priorities to goals.

Our analysis has challenged two assumptions thae weade during model con-
struction; firstly that the set of goals the usertiying to achieve remains the same
throughout the game session, secondly that we caterassessments using these goals
without modeling goal priority. As part of our futet work on revision of the model’s
goal assessment we intend to construct a cleactun@ of how user’s goals fluctuate
during game sessions. We can then use this infaomato further improve the
model’'s emotional assessment.

References

1. Ball, G. and Breese, J.: Modeling the EmotioSahte of Computer Users. Workshop on
'Attitude, Personality and Emotions in User-Adapbetéraction’, UM'99, Canada (1999)

2. Bosma, W. and André, E.: Recognizing Emotion®tsambiguate Dialogue Acts. Interna-
tional Conference on Intelligent User Interfacddl(2004). Madeira, Portugal (2004)

3. Conati, C.: Probabilistic Assessment of Userfadiions in Educational Games. Journal of
Applied Artificial Intelligence 16(7-8), special $sie: “Merging Cognition and Affect in
HCI”, (2002) 555-575

4. Conati, C. and Maclaren, H.: Evaluating A Prottisbic Model of Student Affect. Proceed-
ings of the 7th Int. Conference on Intelligent Tty Systems, Maceio, Brazil (2004)

5. Conati, C. and Zhao, X.: Building and Evaluatiag Intelligent Pedagogical Agent to
Improve the Effectiveness of an Educational Garh#.2004. Madeira, Portugal (2004)

6. Gratch, J. and Marsella, S.: Evaluating the Modgand Use of Emotion in Virtual Hu-
mans, 3rd Int. Jnt. Cnf. on Autonomous Agents andthgent Systems, New York (2004)

7. Healy, J. and Picard, R.: SmartCar: Detectingvér Stress. 18 Int. Conf. on Pattern
Recognition. Barcelona, Spain (2000)

8. Heckerman, D.: A Tutorial on Learning with Bayes Networks, in Jordan, M. (ed.):
Learning in Graphical Models (1998)

9. Ortony, A., Clore, G.L., and Collins, A.: The @pitive Structure of Emotions. Cambridge
University Press (1988)

10. Picard, R.: Affective Computing. Cambridge: MPress (1995)

11. Zhou, X. and Conati, C.: Inferring User Goatsrh Personality and Behavior in a Causal
Model of User Affect. Int. Conference on Intelligeldser Interfaces. Miami, FL (2003)



