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Abstract. This work presents some initial ideas on a datangifased ap-
proach for building affective collaborative systems. dntipular, we focused on
the modeling issues involved in providing open affectstudent interaction
models by using data mining techniques. The appréalitates transferability
and analysis without human intervention, and extenils emotional infor-
mation previous data mining based developments.
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1 Introduction

Given that affective issues play a significant riolee-learning scenarios [1, 2], in the
context of the MAMIPEC project we are investigatiagnotions modeling in Com-
puter Supported Collaborative Learning (CSCL), wheither positive or negative
emotions can emerge [3]. Positive ones are expéotbdng about an increase in the
number ofusers’interactions and accordingly the development of reNective
generated knowledge. On the other hand, when ishgidiaims collide with collective
ones, negative emotions frequently arise. Under IC&@rners usually cope with
more striking challenges than those present uraes-to-face learning [4]. For in-
stance, objectives of some group members can éneeskith ones of others. Also,
diversity in terms of levels of involvement, workirggyles and interaction modes
frequently become overlapped within the group membAdditionally, the lack of
previous common background and generally accepted pf view usually obstructs
the way of getting cooperative solutions [3].

In this context, provided that Data Mining (DM) che used for emotional infor-
mation detection in CSCL [5], our goal is to extehd Collaborative Logical Frame-
work (CLF) collaboration model [6] with emotionaddicators and personality traits
following a DM approach used in previous collabmaexperiences [7].
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2 Affective Collaborative Modeling approach

Personality traits and emotions play a key roleanial and collaborative scenarios
[4]. In this sense, it can be stated that perstnein modulate the way the student
participates on a given situation. For instancenesatudies have found that partici-
pants that exhibit lower scores on extraversion ldigtier on mental openness prefer
on-line learning tend [8]. Thus, in order to enradtaptation in collaborative learning
scenarios with affective support, the model hasilte into account the user personali-
ty traits that can be influencing the user intéoacbehavior. It has also to consider
the user affective state (i.e. pride, shame, cuyioBustration, etc.) generated within
the undergoing activity itself and the whole CS@teraction. For this, i) context, ii)
process and iii) assessment are considered kesigsumeodel collaboration [9, 7].

The collaboration contextaffects studemst potential and their capacity to collabo-
rate. Information comes from data related to bdtidents and the environment,
which should be relevant to studgnteamwork skills [10]. This information can be
collected in the collaborative learning experiefragn an initial questionnaire (e.g.,
personal, academic and work-related data, studgnemces, and personality traits).

The collaboration processnvolves features such as activity, initiativeaaknow!-
edgment. Relevant information can be obtained byaimg studens’ interactions in
communication tools such as forums [11] becaug@etlose relationship that exists
between studest collaboration and interactions. In this senseyipresly we pro-
posed a statistical analysis of the interactionf®inms to discover some features that
make students suitable for collaboration [6], nam&ldent initiative, activity and
regularity, as well as perceived reputation byrtipeiers. Studeat regularity indica-
tors involve time variables because the interastiare considered over a period of
time. In any case, these metrics are general imash as they are based on non-
semantic statistical indicators (e.g. number ofiespregularity of interventions, etc.)
and thereby flexible enough to be potentially instted in diverse collaborative
environments. In order to take into account affecinformation in these collabora-
tion indicators, several information sources suslplaysiological data, keyboard and
mouse interactions, explicit subjective affectivéormation provided by learners,
facial expression, etc. gathered while learnerkabotate in the environment can be
considered [12].

To cover aforementioned key issues, the approachave been following offers
collaborative assessmentetrics based on DM process (clustering) to fadtditrans-
ferability and analysis without human intervent{@h It also follows the open model
strategy, which has shown its benefits in the etimcal context. This strategy uses
scrutable tools that enable students to accesseédfenodels and actively intervene in
the modeling process [13], this way raising metaddge information [7].

Our proposal for affective collaborative learningdeling is depicted in Fig. 1. In
particular, to account for affective issues in tineg collaboration contex{user and
environment), the approach has to be extendedamitanalysis of the affective reac-
tions, elicited during theollaboration processvithin the ongoing collaboratiotask
itself, and those due to thieteraction with peershat feed thecollaboration assess-
mentand produce not only th&tatistical indicatorsproposed in [6] but also the add
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affective onesTheaffective indicatorsre to be calculated with DM techniques in the
light of the collaboration assessmefly means of thénteraction contentpositive
(proposing or suggesting; supporting or agreeingative (opposing or disagreeing)
or ambivalent (information giving; inquiring; anskivey or specifying) as rated by
both the emitter and the receiveintéraction ratings using weather‘overt —
subjective reports or ‘covert —physiological or behavioral recordirgsources of
information) [14]. To cope witinteractions latencyit has to be taken into account if
interaction are produced within certain time windownever take place at ale.g.
unanswered messageOn top of that, theoles could elicit an additional emotional
reaction or modulate existing ones. Two differepiety have to be considerestript-
ed andnaturally emergedFirst ones are externally assigned, as a conseeusrthe
statistical interaction indicators (i.e. informatigatherer, moderator in the Clt&sk
[6], etc.). Second ones emerge naturally in ankabolative work situations (i.e. task
or social leadership or other types of roles thatrgee learning situations).

Fig. 1. Affective enriched statistical indicators in thygen affective learner model

3 On-going work

To investigate how to enrich the statistical indicatwith the affective ones, a CLF
collaborative taskvas set out in Madrid’'s Week of Science 2012 witbtal partid-
pation of 17 participants (including pilot experin®n They were asked to collabora-
tively solve one conundrum on a given time framéofaing three consecutive stages
(individual: each participant proposes soluti@ojlaboration discussions and ratings
among participants to enrich individual solutionsgdagreementsolution proposed
by moderator and discussed and rated by the rgsrtitipants) while their collabo-
ration interactions and affective information (ipersonality questionnaires, physio-
logical and behavioral recordings and subjectiy®res) are processed [6].

All these sources of information, along with thatistical indicators, deserve fu-
ture analyses in order to refine and calibratectiffe indicators and to articulate them
using a DM approach. By introducing aforementionffelctive issues the approach is
expected to improve collaborative learning. In jcatar, based on our experience in
developing educational recommender systems [15jetladfective indicators detected
will serve to develop affective educational recomdaions.






