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Abstract. Online conversation spaces are becoming an increasingly
popular tool for language learning. Various portals on the Internet offer
technological platform where groups of students can meet native teach-
ers and arrange conversation sessions in convenient dates and times. The
students’ satisfaction is very important in this context because potential
new users pay much attention to the comments and ratings provided
by others in the past. Therefore, the portals implement simple mecha-
nisms for the students to rate their experiences, and use the feedback so
gathered to promote the teachers who get the best evaluations. Notwith-
standing, the current online conversation portals do not implement any
means to proactively supervise the formation of the sporadic groups of
students, aiming to ensure that the conversations will be balanced, engag-
ing and pleasant to everyone. In this paper we look at the question of
whether social data mining and machine learning technologies can be
used to maximise the chances that the people put into the same group
will get on well together. Specifically, we present one approach based on
mining personality traits and using Cortical Learning Algorithm to aid
in the planning of the sessions.
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1 Introduction

The concept of sporadic (aka spontaneous) social networks refers to groups of
people (acquaintances or strangers) who happen to share a common space (phys-
ical or virtual) and have similar interests in it for a certain period of time [1–3].
Online conversation spaces are one context in which such sporadic groups form,
specifically for the purposes of language learning. Various portals on the Internet
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(e.g. Verbling and HowDoYouDo) offer a meeting point for groups of students
to meet native teachers and arrange conversation sessions (henceforth, classes)
in convenient dates and times. The teachers’ personality and capabilities are key
aspects to achieve positive group dynamics, and for that reason those portals ask
the students to provide one rating for their labor after the classes have finished.
The students often consider the aggregate value of those ratings when choosing
the next classes in which they would like to participate.

Previous studies [4,7,10] have shown that the personality traits are one of
the most important aspects to take into account in the formation of collabora-
tive learning groups, because positive dynamics can potentiate the participation
of all individuals. Likewise, other studies [8] have shown that the teacher rat-
ings are an important feature for online learning portals, as they encourage the
teachers to always do a good job and the students’ satisfaction improves. How-
ever, despite the importance of ensuring positive dynamics and engaging topics
in online conversation spaces, nowadays there are no solutions in place to proac-
tively supervise the formation of the sporadic groups of students, and neither to
assist the teachers in the preparation of appealing material.

In this paper we look at the question of whether social data mining and
machine learning technologies can be used to maximise the chances that the
people put into the same group will get on well together. The goal is challenging
because the sporadic groups are most often independent of one another and
many of the participants do not know each other beforehand. Therefore, unlike
in [4,7,10] and similar works that focused on long-standing learning communities,
it is not possible to make a first distribution of students into groups, and then
refine progressively after successive rounds of observation and feedback. In order
to face the more dynamic context on online learning spaces, we have developed
and approach based on (i) mining personality traits of students and teacher
from social networks, and (ii) using the advanced machine learning features of
the Cortical Learning Algorithm (CLA) [9] to discover which combinations work
well and which ones do not. This approach has been implemented in a real portal
and some early results are now available.

The paper is organized as follows. Following this introduction, Sect. 2
describes the main modules and information flows of our approach. Then, Sect. 3
summarizes the findings obtained after the first few months of the approach run-
ning. Finally, Sect. 4 indicates the contributions we expect to make out of this
project in relation to the research questions we are addressing, and also explains
how we plan to continue with this work in the short and medium terms.

2 The Proposed Approach

We are developing the doctoral work in collaboration with an online conver-
sation portal that specialises in English teaching for Spanish-speaking people.
Rather than merely displaying the available classes and letting any students book
their places in them, we want to advertise the new classes selectively and proac-
tively, so that they are first known to the students who would most likely get
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Fig. 1. Overall design of the proposed solution.

on well together. Of course, personality is assessed along with the data about
the language level and the daily/hourly availability of teachers and students,
bearing in mind a set of business rules about the number of classes each student
is expected/allowed to attend during a period of time (depending on his/her
type of subscription), the minimum average number of students in the classes to
ensure that the portal makes profit, etc. The ultimate business goal is to achieve
the greatest occupancy in the classes, so as to deliver service to more students
with fewer classes.

The architectural scheme of our proposed solution is depicted in Fig. 1, com-
prising four main modules: the “Social miner”, the “Feedback & personality
reasoner”, the “Schedule optimizer” and the “Reservations manager”. All the
planning depends on a repository of student and teacher profiles, storing their
personal data, learning needs and availability as usual, plus newly-added fields
about personality traits. These are inferred from the users’ activities in online
social networks by the “Social miner” module. Currently, this module works with
Facebook only, and gets data directly from the Apply Magic Sauce Prediction
API (http://applymagicsauce.com/), which computes psycho-demographic pro-
files that include estimations of the classical Big 5 personality traits [6] (one of
the most popular frameworks used by psychologists to describe the human psy-
che along the dimensions of openness, conscientiousness, extraversion, agreeable-
ness and neuroticism [6]) as well as estimations of intelligence, life satisfaction,

http://applymagicsauce.com/
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Fig. 2. Estimations of the Big 5 personality traits, intelligence and life satisfaction.

sexual preference, political and religious orientations, education and relationship
status. Figures 2 and 3 show graphical representations of the results obtained for
one student.

The data obtained by the “Social miner” for all the profiles is fed into the
“Feedback & personality reasoner” along with the feedback provided by students
and teachers after the classes, as well as traces of the number and duration of
everyone’s interventions in the class, their ages, genders, locations and timezones.
As regards the feedback, currently, we ask students to rate their satisfaction
with the class, the teacher’s labor and their interactions with the other students
on a 5-point Likert scale (“very negative”, “negative”, “neutral”, “positive”,
“very positive”). In turn, we ask the teacher to rate each student’s attitude and
performance with regard to the class objectives.

The “Feedback & personality reasoner” is expected to learn progressively
which combinations of traits and other data ensure positive feedback and which
ones do not, what are the proper balances, etc. The Cortical Learning Algorithm
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Fig. 3. Estimations of political and religious orientations, education, and relationship
status.

models structural and algorithmic properties of the human brain’s neocortex to
discover patterns in more sophisticated ways than classical artifacts like Bayesian
networks and neural networks do [9]. On the one hand, we use CLA in learning
mode to assimilate new bundles of information coming after every class, which
serves to continuously evolve a complex model of the aspects that may influence
the satisfaction of students and teachers. On the other hand, we use it in inference
mode to make predictions and aid in the arrangement of forthcoming classes, in
a loop with the “Schedule optimizer”.

The “Schedule optimizer” is based on the code of the open-source project
OptaPlanner (http://www.optaplanner.org/), which provides a lightweight,
embeddable constraint satisfaction engine that optimizes planning problems
(typically, problems which are probably NP-complete or harder). Our mod-
ule tries to harmonize the composition of the conversation groups with the

http://www.optaplanner.org/
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availability and interests of every teacher and student, as well as with the busi-
ness rules of the online conversation portal. At the output, we get a prioritized
list of potential students for each new class, which is used by the “Reservations
manager” selectively deliver warnings about the available classes, to filter the
lists of classes offered on the web site to each student, and to inform teachers
about opportunities to offer new classes. The list of potential students is revised
as the places in the classes are booked, until they are full.

3 Preliminary Evaluation

Our approach is being tested and some early results are now available, following
some training of the “Feedback & personality reasoner” module. The data gath-
ered thus far suggests that the average satisfaction does improve with regard to
statistics from previous months, when there was no artificial intelligence aiding in
the planning of the classes. However, ANOVA tests [5] indicate that the amount
of data is not yet sufficient to fully confirm this hypothesis. Besides, we have
found that the reported levels of students’ ratings of other participants improve
as more of them come from the lists computed by the “Schedule optimizer”.

4 Conclusions and Future Work

The approach presented in this paper will serve to address the following research
questions:

1. Is it possible to predict the levels of satisfaction of students and teachers in
a class before it takes place, considering their personality traits and topics of
interest?

2. Is it possible to get consistently more positive feedback by arranging the
conversation groups according to personality traits, mined from the students’
and teachers’ activities in online social networks?

3. What is the quickest, least cumbersome way of gathering feedback after a
class, aiming to get relevant information about each participant’s impressions
of everyone else?

4. Does an increase in levels of satisfaction correlate with better learning out-
comes, or do the students accept a trade-off between learning and socializing?

In replying to these questions, we expect to come up with a working solution
to improve the experience in the collaborating portal, thereby gaining valuable
insight (from the socioeconomic point of view) into the interrelations and trade-
offs among the many factors involved: learning needs and availability, personality
traits, social networking activities, business rules, learning outcomes, etc. Hope-
fully, some of the findings will be relevant not only to online conversation portals,
but also to other areas of application of the concept of sporadic social networks.

As for the continuation of this work, we are seeking to complete the prelimi-
nary analysis of results with further evidence, gathered during at least one year
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of our approach running. Besides, we want to evaluate alternative solutions for
the social mining and machine learning tasks. First, we want to compare the
learning capabilities of HTM against those of Big Data tools like Weka (http://
www.cs.waikato.ac.nz/ml/weka/). Second, we are working to optimize the con-
versation groups not only on the grounds of personality traits, but also topics
of interest mined from social networks and, thereby, make CLA reason about
broad categories of topics (e.g. “Culture”, “Sports”, “Health”, etc.). Finally, in
the medium term, we want to implement solutions of our own to get additional
information about personality, by monitoring the students’ and teachers’ par-
ticipation in the classes, using sound processing and face recognition tools to
appraise shyness and mood, to recognise smiles and laughs, etc. This would be a
significant improvement of the technological platform of an online conversation
portal.
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