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List of Acronyms
Abbreviation / acronym

Description

AIRlib

Affect and Intent Recognition library

ASC

Autism Spectrum Case

BMF

Bayesian Probabilistic Matrix Factorization

CGDLC

Career Guidance Distance Learning Case

CLS

Cloud-based Learner’s Space

DSS

Decision Support System

EE

Experience Engine

ITC

Industrial Training Case

LA

Learning Action

LAM

Learning Action Materialization

LG

Learning Graph

LGE

Learning Graph Engine

LM

Learning Material

LPR

Learning Profile Repository

MEC

Mainstream Education Case

MF

Matrix Factorization

NMF

Non-negative matrix factorization

PMF

Probabilistic Matrix Factorization

PMLDC

Profound and Multiple Learning Disabilities Case

RMSE

Root Mean Square Error

SC

Sensorial Component

SLA

Smart Learning Atom
Table 1: Definitions, Acronyms and Abbreviations
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Project Description
MATHISIS is a 36-month duration project co-funded by the European Commission Horizon 2020
Programme (H2020-ICT-2015) under Grant Agreement No. 687772. It started on 1st January 2016.
One of the core objectives of MaTHiSiS project is to enhance learning environments and make use of
computing devices in learning in a more interactive way, which will provide a product-system to be
used in formal, non-formal and informal education. An ecosystem for assisting
learners/tutors/caregivers for both regular learners and learners with special needs will be
introduced and validated in 5 use cases: Autism Spectrum Case (ASC), Profound and Multiple
Learning Disabilities Case (PMLDC), Mainstream Education Case (MEC), Industrial Training Case (ITC)
and Career Guidance Distance Learning Case (CGDLC).
MaTHiSiS product-system consists of an integrated platform, along with a set of re-usable learning
components (educational material, digital educational artefacts, etc.), which will respond to the
needs of a future educational framework, and provide capabilities for: i) adaptive learning, ii)
automatic feedback, iii) automatic assessment of learner’s progress and behavioural state, iv)
affective learning and v) game-based learning.
Within MaTHiSiS, an innovative structural tool of learning graphs is going to be introduced to guide
the learner through the process of learning in the given scenario. To reach a learning objective,
learner will have to “follow the path” of the learning graphs, built up on Smart Learning Atoms, which
are certain learning elements that carry defined learning materials.
To ensure barrier free integration in the market, MaTHiSiS makes use of a range of interaction
devices, such as specialized robots, mobile devices and interactive whiteboards. The consortium
ensures easy-to-use solution with e.g. specialized graphical editor-like tool, allowing to easily create
educational materials as well as the reusability within both mainstream education and vocational
training setups.
Objectives of the project
A Cloud-based Learner’s Space (CLS) will be developed to provide a system for
adaptation/personalization in learning, interaction, data acquisition and analysis as well as content
creation on the fly. This is a core component of the MaTHiSiS system which includes 3 crucial
subsystems which create an innovative smart learning ecosystem: i) the experience engine (EE), a
graph-based interactive storytelling engine, that manipulates interactive content that is later sent to
a device of tutor’s/learner’s choice; ii) the learning graph engine, responsible for adaptation of the
Learning Graph based on learner’s behaviour and interaction; iii) the Decision Support System (DSS)
providing and collecting learning analytics and controlling synchronous and asynchronous interaction
between devices. To ensure constant educational flow and augmented learner engagement, the
emotion recognition and context aware cognitive/behavioural status extraction tools are introduced
within the system addressed by the Sensorial Component (SC).
For the purpose of validating MaTHiSiS approaches in learning environment, a set of Smart Learning
Atoms (SLA) is going to be created for defined use cases. Such SLAs will adapt to each learner in a
different way based on her/his particular needs, profile, cognitive affective state, relevance to
specific learning requirements and previous performance. Further, an editor-like tool is introduced to
be able to transform educational material into MaTHiSiS Learning Materials usable by SLAs through
Learning Actions (LAs). The learning graphs then are going to be deployed to interact with the CLS as
well as some front-end tools for tutors and caregivers to enable creation, editing and authoring of
the learning contents and learning experiences.
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MaTHiSiS will support learning across a variety of learning contexts and, with the use of a variety of
devices (robots, interactive whiteboards, mobile devices and desktop/laptop computers), with
personalized and adaptable, time and location independent learning paths, being transferred
between the agents, always taking into consideration best knowledge and practices learnt from the
previous device.
By the end of the project, MaTHiSiS will introduce a marketable innovation, aimed at the re-usability
of educational and training content and fostering the interactivity between technology and
learners/tutors/caregivers.
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Executive Summary
This document presents the work accomplished during the first period of the lifetime of task 6.2 –
MaTHiSiS Learning Graph Engine: adaptation and personalization (December 2016-December 2017).
This task encompasses the procedure utilized to adapt the learning content both offline and online.
In MaTHiSiS context, the offline adaptation is called personalization while the online real-time
procedure is called adaptation. Personalization enables the initialization of the learner’s competence
parameters previous to the start of the learning experience. This process takes into account personal
data of the learners and performance obtained in previous interactions with the MaTHiSiS platform.
Similarly, adaptation uses current affective states to tailor the learning content once the learning
experience has started, allowing an optimization of the process, to maximize the learner’s
experience.
The mood of the learners is a crucial parameter that must be considered in every learning process.
Learner engagement is considered the most reliable feature for determining successful learning. For
that reason, MaTHiSiS devotes particular attention to this information in real time to deploy the most
suitable learning content.
Technically, these mechanisms have been implemented by the Decision Support System and the
Learning Graph Engine. These components use information available in the platform (such as
performance or affective state inferred in previous learning experiences) in order to optimize the
parameters that represent the different competences of the learners for each Smart Learning Atom.
Finally, this task must handle the cold start problem which occurs when a new learner is added to the
system. To that end, different techniques have been considered. All of them will use personal
information available in the system and stored in the Learner’s Profile Repository, to estimate the
proper values to initialize unknown competences (materialized as Smart Learning Atom weights).
To sum up, this deliverable presents the steps followed during the implementation of the
mechanisms that MaTHiSiS platform offers in order to recommend the most suitable learning
content which should lead to a better learner experience, maximizing the knowledge acquisition.
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1. Introduction
1.1 Document context
This document is the first deliverable in Task 6.2 – MaTHiSiS Learning Graph Engine: adaptation and
personalization. The content included in this document is based on the theoretical studies performed
as part of Task 6.1 – Individual learning zone vs comfort zone and presented in D6.1 [1]. This
document constitutes the first of a set of two deliverables which must report the work performed in
task 6.2 (along with D6.3). The work presented in this deliverable mainly corresponds to the
personalization and adaptation mechanisms. However, extra functionalities are required for proper
performance of these methods, such as the initialization of new learners. This “cold start” problem
has been considered in this task in order to improve the learners’ experiences even during early
states when information about previous experience of the learner is not available. This method will
benefit from the personal information in order to estimate learner’s competences.
In connection with the integration of the implemented components (namely, Decision Support
System and Learning Graph Engine), some information is also provided. For further information on
this subject, the reader should refer to “WP7 System Integration” and “D7.3 MaTHiSiS platform, 2nd
release” [2].

1.2 Document structure
This document is divided into the following chapters:
Chapter 2: the pedagogical background and the analysis of the benefits of the control of the learners’
affective state are presented.
Chapter 3: for clarification purposes, the methods implemented in order to adapt the learning
content to be deployed are briefly described.
Chapter 4: the technical description of the work performed by the DSS (first steps of the
personalization and adaptation processes) is reported. This chapter also presents the plan to manage
the problem of the initialization of learner’s competences when a new user is added into the system.
Chapter 5: the technical description of the LGE is provided.
Chapter 6: overall conclusions are presented.
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2. Literature and pedagogical feedback
2.1 Importance of affect state in learning
Maintaining learner engagement is important for deep learning and skill achievement. Students who
are not engaged can become frustrated or bored which can have a negative effect on the
achievement of the learning goals and lead to disruption in the classroom which impacts the learning
of the rest of learners.
Student engagement (participation in learning) was found to be the most reliable feature for
determining successful learning [3], [4]. Without engagement, deep learning is not possible [5].
Effective personalized learning was shown to encourage participation and engagement not only in
the classroom but in extra-curricular clubs and work related learning in the local community [6]. As
the tutor forms a better understanding of their pupils’ strengths and challenges, they are in a better
position to consciously plan their scaffolding objectives and choose the interaction media, while
preserving the pupils’ interest and engagement [7].
Traditionally, the teacher considers pedagogy carefully and plans learning scenarios which consider a
range of information such as a student’s preferred learning style, changes in activity, classroom
environment, skill level at which the students are working at and curriculum content. The aim of the
teacher is to produce learning environments which move students from the known to the unknown,
pushing their individual proximal domain of learning.

2.2 Performance in relation to affect state
Classroom-related affective states are linked to the students’ goal structure and their adoption of
specific achievement goal orientations. The goal to learn and understand is associated with an
increase in positive emotions like enjoyment of learning as well as a decrease in negative emotions
like boredom. The relation between goals and affect, however, is a reciprocal one as proposed in
Linnenbrink and Pintrich’s bidirectional model.
In 2002, Linnenbrink and Pintrich described a model of affect in which performance that is
reciprocally related to the learner’s mood [8]. In this model (see Figure 1) the learners’ personal goals
are highly influenced by their perception of challenge. This perception in turn has a direct influence
on their affect state. Based on the larger literature, positive moods like learner’s interest and their
active engagement are thought to support greater performance while negative moods lead to
performance degradation.

Figure 1 Linnenbrink and Pintrich’s asymmetrical bidirectional model of achievement goals and affect.

This relationship dictates the quality of learning where positive moods encourage a greater result
and the negative moods encourage less learning or learning abandonment. This relationship has also
been described in more detail in the Mihaly Csikszentmihalyi theory of flow [9], where skill and task
challenge perception can launch someone in a variety of emotions. Importantly, it has been argued
that not all emotions are relevant to educational context, of when the learner requires scaffolding
intervention. It was Sidney D’Mello and Rosalind Picard [10] who conducted a study on the relevance
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of emotions to learning in an e-learning tool and found that they could quantify the most relevant
emotions to skill acquisition as ‘Frustration’, ‘Boredom’ and ‘Flow’.
Only later in 2013 a study [11] combined learner skill, independent learning limit and scaffolding in
state change diagram (seen in Figure 2). This diagram depicts the relationship among perception of
challenge, the affect state the learner and their performance. Greater performance happens where
the task difficulty is just slightly above the learner’s skill level (in the orange region) and it is where
the optimal learning occurs. Critically, this work provided the first state change diagram that shows
the relationship between the learner’s affect state and their learning potential and the relationship it
has with the perception of difficulty or challenge.

Figure 2 Zones of proximal flow.

The learner’s Performance or Skill level is displayed as the X-Axis and the task challenge is displayed
as the Y-Axis. This diagram can be used to track the learner’s progress in a learning activity. In this
way, the diagram can represent any permutations of level of skill or task difficulty.
Ideally, the optimal learning path must take the learner through what Vygotsky named the ‘Zone of
Proximal Development’ [12]. This is the optimal level of arousal and where learning challenge
perception is just slightly more difficult than the leaner’s current skill level. In this state the affective
state would have the learner in an engaged and interested state of mind. In turn, this promotes
greater learning opportunities and an affective state or mood that encourages higher aims and goals.
It is important to note that the optimal learning experience would try to avoid both boredom
(challenges that are too easy) and frustration (challenges that are too difficult) to maximize
engagement.

2.3 Dynamic learning
To achieve the optimal learning described in the previous section, a dynamic learning approach must
be adopted which considers both the learner’s affect state and their performance – then in return
adjust the learning material challenge to maintain the positive mood of the leaner where the
learner’s ambitions for goal achievement and by product the learner’s performance is maximised.
The system will then lower or raise the difficulty of the learning material challenge to a level where
the learner’s affect state is engaged (in the Zone of Proximal Development) and their performance is
always acceding. The system would continuously monitor both affect state and performance to
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maintain this delicate balance. The learner state of affective must, however, be continuously
monitored to avoid projecting the challenge too high and making the user ‘Frustrated’ or too low
which would make the leaner ‘Bored’ (as visualized in Figure 2). Using the active agents of the
MaTHiSiS platform, learners gain skill comfortably in their Zone of Proximal Development and find
themselves back into the state of flow with every skill achievement. Conclusively, the outcome of this
process is the new concept materialization in the learner’s mind and learning which has been
achieved, adding to the learner’s skill base and progressing them on the graph further and further
higher and to the right.

2.4 Multi-modal learning
Importantly, many learning processes depend on a single medium ‘text’ for the transfer of
knowledge and evaluation. A single mode of learning can have limitations. For example, for a dyslexic
student that has a reading-related learning disability, the single source of information transfer
becomes a problem [7]. Universal Design for Learning recognizes this problem [6] by embracing the
pupil learning diversity by offering multiple means of learning accessibility. Multi-media learning
platforms can use audio, text, video and tangible objects in a smart learning environment to offer the
student a choice of the most accessible formats. This allows for multiple means of recognition,
expression and engagement [7], [13].
This multi-media approach to offering learning resources can be best seen in the use of computermediated learning where educational games are developed around the learning outcomes and aims.
This approach, which is not new, was shown in a systematic review of 129 papers by Connelly et al.
[14] that playing educational games impacts across a range of areas including engagement, cognitive
ability and, most commonly, knowledge acquisition and content understanding.
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3. Personalization and adaptation strategy
Based on the pedagogical background described in Section 2, personalization and adaptation
mechanisms were described as follows. Firstly, the personalization method allows MaTHiSiS platform
to be initialized in order to maximize the knowledge acquisition of the learners. To that end,
performance registered in previous interactions with the learning platform is utilized as the main
parameter to establish the appropriate learning content to be deployed. This process enables the
selection of the learning content (and the level of difficulty associated to it) to be used as the first
interaction with the learning platform.
As a second step, MaTHiSiS focuses its effort on the achievement of optimal affective state of the
learners in order to maximize the knowledge acquisition. To that end, the affective state inferred by
the platform, through sensorial components (SC) information and the analysis of interaction
parameters performed by the IPA (Interaction with Platform Agent) component, is utilized. By
applying different methods, the values of the affective state, represented by using the theory of flow
model, are taken into account for the proper update of the corresponding competences (SLA
weights). This update occurs several times during a regular learning experience, adapting the content
of the platform (in terms of level of difficulty) according to the affective state registered in real time.
These methods imply the collaboration of several components, following a procedure which starts
with the selection of the learners and the Learning Graph (LG) to be used by them and leads to the
deployment of the most suitable learning content for each of them. The update of the SLA weights,
performed by the DSS and subsequently by the LGE, is followed by the selection of the most
appropriate SLA, Learning Action (LA) and Learning Action Materialization (LAM) what allows the
platform to manage the learning experience (for further information, consult [2]). To that end, the
Experiencing Engine (EE) considers several parameters (such as available PAs or leaner’s preferences)
in order to make this selection.
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4. Decision Support System
This section introduces the implementation followed during the development of task 6.2 (Learning
Graph Engine: Adaptation and Personalization). This task is divided in two main functionalities,
namely personalization and adaptation.
On the former, the Decision Support System establishes the initial values of learners’ competence
based on information on their performance in previous interactions with MaTHiSiS platform. In
particular, by using this information, this method initialized all the values for the competences
involved in the current LG, materialized in MaTHiSiS context as Smart Learning Atoms (SLA) weights.
This update starts the process which leads to the selection of the learning content (and the level of
difficulty associated to it) to be used in the first interaction with the learning platform.
The second functionality of the DSS, the adaptation mechanism, follows a similar approach.
However, in contrast to the personalization process which is executed at the beginning of each
learning experience, adaptation could be performed several times per session. This process is
triggered by the Learning Material (LM) itself (through xAPI statements) and it leads to a change in
the learning content deployed to the learners by the available PA. In that case, only the competence
of the learners regarding specific SLAs is updated. These particular SLAs which are affected by the
adaptation mechanism are defined based on the current LM. Therefore, only the weight of SLAs
which can be materialized by using the present LM is updated. For that purpose, the current affective
state and previous affective condition of the learners during the interaction with a specific SLA are
considered.
In the subsequent sections, an explanation about these functionalities and the interactions of the
DSS with the rest of the components are presented. In Section 4.1, the general MaTHiSiS data flow
during the execution of these functionalities, including communications and information retrieved
from and sent to different components is described. Furthermore, the implementation of these
mechanisms and the future plans to improve them are included in Sections 4.2 and 4.4 respectively.

4.1 DSS data flow
In order to understand how these functionalities occur in the platform, a brief explanation is
introduced. This description includes how these mechanisms are interacting in the MaTHiSiS data
flow and which are the communications and the information retrieved during this process.
In both cases, after the update of the corresponding SLAs, the Learning Graph Engine is triggered in
order to provide the final Learning Graph node weights. The description of the procedure applied in
the LGE, along with the implementation of this component, is widely explained in Section 5.

4.1.1 Personalization dataflow
One of the very first actions that are performed during the MaTHiSiS data flow loop is the execution
of the personalization method from the DSS in order to calculate the initial SLA weights to be used in
the current session and then to be able to materialize each SLA applying the most appropriate
learning content, through the update of the corresponding SLA weights. Having updated these values
for the SLA belonging to the selected learning graph, the learning experience can be started and the
interaction with the material will be held. The steps (REST API calls) that are performed during the
personalization process are described in annex 8.1.
It is important to mention that, in the first version, in the case that a new Smart Learning Atom is
introduced into the MaTHiSiS platform or not previous information about the learner is available, the
level of competence for this specific learner and SLA (materialized as the weight value) is initialized
by default to 0.3. In future version, the method described in Section 4.3 will be applied.

Contract No.: 687772

Page 15 of 40

D6.2 – The MaTHiSiS Learning Graph Engine

4.1.2 Adaptation dataflow
As mentioned above, the adaptation procedure can be triggered several times in a single learning
experience. This method is called from the AIRlib API when the system is reaching a key moment,
which is communicated by the LM through the corresponding xAPI statement. The description of this
procedure, including the identification of a key moment and the behaviour of the AIRlib API in that
regard, is described in the deliverable D4.3 [15]. The steps (REST API calls) that are performed in
order to manage the adaptation procedure are described in Annex 8.2.

4.2 Implementation of personalization and adaptation mechanisms
So far, the personalization and adaptation methods that are executed inside the MaTHiSiS loop,
namely their input and output and their objectives have been described. This section describes the
main functionality of these mechanisms and the algorithms behind the update of SLA weights. It
should be noted that while the information utilized in each case is different, both techniques share a
common implementation, utilizing the same algorithms. The implementation of the personalization
and adaptation techniques was performed in two stages. Firstly, the implementation of association
rules was investigated and performed. As a second stage, Matrix Factorization techniques were
considered and a first approach has been implemented. Finally, in order to improve this method, as a
future implementation, the investigation of the learner dynamics (in connection with the SLA
weights) it is defined. Further information about these mechanisms is described in the following
subsections.

4.2.1 Energy function
For clarification purposes, the parameter considered in the adaptation mechanism must be
described. The parameter is called “energy function”. In the DSS, this parameter represents a value
which is calculated in order to merge the three affective states annotations derived from the AIRlib
through the multimodal fusion for affect recognition. As described in Section 3, MaTHiSiS utilizes the
reduced model of the theory of flow. This parameter is calculated based on the three values
regarding the basic emotions considered in the theory of flow (engagement, frustration and
boredom) and it represents the affective condition of the learner. The reason for the use of this
parameter is the necessity of reflecting the affective state by using a common space in order to
perform adaptation using just one merged value instead of the three dimensions of the flow theory,
facilitating its implementation and use. The first example of energy function was implemented as
follows:
𝐸𝐸𝐸𝐸 = 𝐸𝐸 − 𝐵𝐵 − 𝐹𝐹 + 𝐶𝐶

where 𝐸𝐸, 𝐵𝐵 and 𝐹𝐹 represent the level of engagement, boredom and frustration, respectively. These
levels are provided by the annotators in the case of training data. In real time applications, these
values correspond to the probabilities provided by the multimodal fusion technique [16]. These
variables are normalized between 0 and 1. A static variable 𝐶𝐶, defined as 2, is also introduced in
order to keep the result of the energy function positive, due to the implementation of Non-Negative
Matrix Factorization in future steps. However, during the experimental phase, it was proven that by
using the current energy function, the distinction between boredom and frustration was not readily
identifiable.
Therefore, as a second implementation, it was decided that one of extreme values of the energy
function (-1 or 1) must be assigned to a fully bored subject and the other extreme value to fully
frustrated one. By doing this, the value of 0 is the target situation and corresponds to a subject fully
engaged.
In order to establish an energy function that is coherent with the theory of flow, the values provided
could not imply both boredom and frustration that assume non-zero values. Formally, it should be
established that 𝐵𝐵 ≠ 0 ⇔ 𝐹𝐹 = 0 and vice versa. As it is not the case for the annotations provided,
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this data will be transformed using a projection from 3D to 2D space (see Figure 3) and it can be
calculated as:
𝑆𝑆 = {𝐵𝐵, 𝐸𝐸, 𝐹𝐹 ∣ 𝐹𝐹 ∈ [0,1], 𝐸𝐸 = 1 − 𝐹𝐹, 𝐵𝐵 = 0} ∪ {𝐵𝐵, 𝐸𝐸, 𝐹𝐹 ∣ 𝐵𝐵 ∈ [0,1], 𝐸𝐸 = 1 − 𝐵𝐵, 𝐹𝐹 = 0}

This formula could be translated as, for a given point 𝑋𝑋 = (𝐵𝐵, 𝐸𝐸, 𝐹𝐹):
The energy function is defined as:

𝑏𝑏, 𝑒𝑒, 𝑓𝑓 = 𝑎𝑎𝑎𝑎𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚𝑥𝑥∈𝑆𝑆 ‖𝑋𝑋 − 𝑥𝑥‖
𝐸𝐸𝐸𝐸 = 𝑏𝑏 − 𝑓𝑓

Note that given how we defined the set 𝑆𝑆, 𝑏𝑏 or 𝑓𝑓 will be zero.

Figure 3 Affect states dimensionality

4.2.2 Association Rules approach
In the first stage of the implementation of personalization and adaptation mechanisms in MaTHiSiS
platform, association rules were utilized. This machine learning method was selected in order to be
able to generate a system which will update the weight values of the SLA weights during the loop
without the need to use a considerable amount of training data, that it was unavailable in early
stages of the project. For the case of the personalization, the whole mechanism took into
consideration the performance of the current learner during previous sessions while, in the case of
the adaptation, current affective states of learners and affective states registered during previous
interactions are considered (through the values calculated by using the energy function approach
introduced in the previous section).
Association rules [17], [18] is a rule-based machine learning algorithms which was developed with
the purpose of detecting interesting patterns among all the variables within a database. Its scope is,
to detect robust rules located in databases using measures of interesting-ness and co-occurrences.
Association rules can be regarded as a way to relate features of a database (if they co-occur
frequently within the provided database). Association rules are created by analysing data for
frequent if/then patterns and using the criteria which are introduced using the terms support and
confidence to identify the most important relationships. Support is an indication of how frequently
the items appear in the database. Confidence indicates the number of times the if/then statements
have been found to be true.
Hence, the following analogy from the MaTHiSiS platform is stated to infer association rules for
personalization purposes: assuming that there is a database of learners interacting with a specific
SLA, for each range of its weight, the performance from previous interactions with this SLA are
considered. The goal is to create rules by associating performance from different values of the SLA
weight in order to be able to foresee which is the best update of this value that leads to the best
performance.
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The same approach is used to calculate the association rules to be applied for adaptation but, in that
case, the performance values are replaced by the energy function parameter. In the end, the
association rules method constructs guidelines that illustrate whether it is more profitable for the
system (regarding the user performance or affective condition) to increase or decrease the value of
the SLA weight.
Bearing this in mind, and with the view to extract efficient association rules for the adaptation and
personalization mechanisms, a novel serious game called emotion-enabled electronic learning
platform (e3 learning platform) [19] was developed by the University of Maastricht. Subsequently,
this platform was used in order to create a database which allows the calculation of an initial set of
association rules. This e-learning platform and the database acquired by using it are described in the
annex 8.3.
Having created the database, the next step of the implementation was to apply the association rules
methods in order to create rules and implement them for creating the personalization and
adaptation mechanisms. During the first stage, the proposed system handled both personalization
and adaptation by utilizing Apriori algorithm and association rules. As it was already described,
association rules are based mainly on the calculation support and confidence for the different
parameters included in the database.
Support is an indication of how frequently items appear in the database calculated as the number of
transactions which contain an item set X divided by the total number of transactions. It is
mathematically represented as follows:
|𝑡𝑡 ∈ T; X ⊆ t|
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑋𝑋) =
|𝑇𝑇|

where X represents the item set and T the set of transactions. Regarding the confidence, this
parameter indicates the number of times the if/then statements have been found to be true,
represented mathematically as:
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑋𝑋 ⇒ 𝑌𝑌) =

where X ⇒ Y being an association rule.

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑋𝑋 ∪ 𝑌𝑌 )
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑋𝑋)

In order to perform the Apriori algorithm for the association rules using the constructed database
described in Annex 8.3, the whole database was re-arranged using the following schema:
{𝑆𝑆𝑆𝑆𝐴𝐴𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑡𝑡𝑡𝑡 , 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑡𝑡−1 , 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑡𝑡+1 }

where t corresponds to the current learning session while t-1 and t+1 correspond to the values
registered from the immediately lower and upper SLA weight respectively. The scope is to find cooccurrences in the database of SLA_weightt and performancet that should lead to the best
performance in the next step, whether it is increasing (t+1) or decreasing (t-1) the SLA weight. The
“if” statement in that case corresponds to the tuples of SLA_weightt. performancet while the “then”
statement represents the performancet-1 or performancet+1. Apriori algorithm calculates the support
and confidence parameters for all the tuples SLA_weightt – performancet which lead to a rule
{performancet-1 or performancet+1}. Therefore, this analysis consists of investigating whether it is
better to increase or decrease the SLA weight during the personalization or the adaptation
mechanisms in order to maximize the learning experience’s outcomes. In the case of adaptation, the
parameter performance is replaced by the energy function values described above. In this way,
association rules are applied for the purpose of maximizing the affective state of the learners, stated
to be of great importance in learning processes in Section 2. During the implementation of the rules
to be applied in MaTHiSiS platform, the whole database was utilized using all the SLAs/subjects
(namely, Mathematics, Sports, History and Geography) as a whole. In the end, rules that are used
indistinctly for all the SLAs were obtained. These rules were applied as the first implementation of
the personalization and adaptation for the MaTHiSiS platform.
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When a learner is in a specific SLA weight (marked as {𝑡𝑡}) and has a specific performance in the
previous and subsequent values ({𝑡𝑡 − 1} and {𝑡𝑡 + 1} respectively), the goal is to infer which is the
most profitable modification of the SLA weight as matter of optimized energy function. This
approach was restricted to update the SLA weight just to the neighbour values, increasing or
decreasing a pre-established value.
In addition, it should be mentioned that, since the training dataset (gathered from the
aforementioned learning platform) contains a limited amount of data, there were some cases in
which the association rules could not provide confident recommendations regarding the appropriate
update of the SLA weight. Therefore, in order to assure a smooth control of this parameter, some
additional update rules were defined. These rules are based on a simple version of the hill climbing
algorithm. More specifically, for the case of inconsistent or inaccurate association rules, this
supplementary set of rules is applied. In that case, if the performance or the energy function (for
personalization and adaptation, respectively) for a specific SLA weight is greater or equal than value
registered from a lower SLA weight, the system increases the value of the SLA weight, otherwise it is
reduced.
Finally, for the sake of improving this behaviour, Matrix Factorization techniques were introduced
and implemented in the second stage of this task. The main reason for this implementation is the
restriction of association rules mentioned above. Mainly, with Association rules the system could
only approximate values for the neighbourhood solutions.

4.2.3 Matrix Factorization
With the purpose of overcoming the issue described above (of updating the SLA weight values only
to the neighbour values), Matrix Factorization (MF) algorithms were introduced and implemented in
the second stage of task 6.2. The MF system was implemented by making use of the dataset
described in previous subsection. MF algorithms are belonging of the family of techniques that called
recommender systems. A recommender system is a category of information filtering algorithms
which aims at suggesting items of preference to users. The main idea behind the use of a
recommender system is to find users experiencing similar performance (for personalization) or
emotions (as a matter of energy function for adaptation) in similar sessions and, subsequently,
cluster those users and assist new ones in receiving personalized sessions aiming at maximizing user
experience (as a matter of performance or energy function). The concept was to adopt the users
performance and affective states (Engagement, Boredom and Frustration) of the system and create a
recommendation system using collaborative filtering (CF) [20], [21], [22], [23], [24] and, more
specifically, to implement and make use of several MF algorithms such as Non-negative matrix
factorization (NMF) [25], [26], Probabilistic Matrix Factorization (PMF) [27] and Bayesian Probabilistic
Matrix Factorization (BMF) [28].
The scope of MF techniques is to re-direct learners to SLA weights in which the introduced
performance (or the energy function in the case of the adaptation) will be maximized. Targeting so,
NMF, BMF and PMF were applied in order to optimize the energy function for each learner. In the
experimental phase, a matrix was constructed for every different SLA (with different matrices for
personalization and adaptation filled with performance or energy function values). These matrices
contained the performance (or energy function) values of each user (rows). Therefore, the size of the
constructed matrices for every different SLA was 33𝑥𝑥9, where 33 is the number of the learners and
nine was the number of available values of SLA weights. In this study, MF approaches were applied to
the four different constructed SLAs of the dataset. The endeavour of those algorithms is, given the
matrix 𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀 (which corresponds to 𝑀𝑀 users and the performance (or the energy function) to 𝑁𝑁
different SLA weights values), to find out two matrices 𝑊𝑊𝑀𝑀𝑀𝑀𝑀𝑀 and 𝐻𝐻𝐾𝐾𝐾𝐾𝐾𝐾 with their multiplication
𝐴𝐴 ≈ 𝑊𝑊𝑊𝑊 to be a good approximation of the initial matrix 𝑅𝑅. Matrices 𝑊𝑊 and 𝐻𝐻 are correlated with
learners and learning materials (courses and their SLA weights). MF approaches are based on the
following principle: both the user and the SLA weights from matrix 𝑅𝑅 should be represented in the
same space. On that basis, MF algorithms map learners and SLA weights into a common space k. This
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rank space k is also mentioned in the literature as latent factors. High correlation between learning
materials and user latent factors can lead to an efficient recommendation for the learner. The matrix
approximation A can be used in order to make recommendations to the learner for unknown
learning materials (more specifically, SLA weights), since it reveals information about them. Firstly,
NMF was applied and the minimization of the following equation was implemented:
1
f = ||𝑅𝑅 − 𝑊𝑊𝑊𝑊||2𝐹𝐹 + 𝑎𝑎λ||𝑊𝑊||1 + 𝑎𝑎λ||𝐻𝐻||1 + 𝑎𝑎0.5(1 − 𝜆𝜆)||𝑊𝑊||2𝐹𝐹 + 𝑎𝑎0.5(1 − 𝜆𝜆)||𝐻𝐻||2𝐹𝐹
2

where λ is a self-tuning parameter which targets to avoid over-fitting of the optimization, 𝛼𝛼 is a
constant that multiplies the regularization terms and F stands for Forbenius norm. Further
information about the implementation of Non-Negative Factorization and the applied optimization
equation can be found here as well as for PMF and BMF can be found in the following papers.
The re-decomposed matrix 𝐴𝐴 ≈ 𝑊𝑊𝑊𝑊 (in all cases, NMF, PMF and BMF) can reveal hidden values of
performance (or energy function) in unknown levels of SLA weights in the dataset, as well as, for new
learners that will interact with the e3 learning platform. When a new learner starts to interact with
the platform, and after each performed session, the system’s target is, by making use of the learner
performance (or energy function) value, to estimate the performance (or energy function) values for
the unknown SLA weights and to update the current to the SLA weight that the performance of the
energy function is optimized. Intuitively wise, this estimation it is done by matching the new learner’s
information with the data of the rest of the learners in the dataset. The MF algorithms are applied
using the constructed matrices from the dataset, enriched with the new learner’s vector (contained
the performance or the energy function values gathered so far). The recommendation for a new
learner, then, can be formalized as follows:
𝑎𝑎𝑖𝑖𝑖𝑖 = 𝑤𝑤𝑖𝑖𝑖𝑖 h𝑘𝑘𝑘𝑘

where the 𝑤𝑤𝑖𝑖𝑖𝑖 vector contains the latent factors of the new learner and the ℎ𝑘𝑘𝑘𝑘 vector contains the
latent factors of the SLA weights. In the above equation predicts learner 𝑖𝑖 performance (or energy
function value) for a specific SLA weight 𝑟𝑟. Finally, by using this information, the system can re-direct
the learner to that difficulty level which will lead to the highest approximated performance (or
energy value). The next step of the implementation was to calculate how well those techniques can
estimate the performance values (or energy function values) from unknown SLA weights from the
four different SLA used from the e3 learning platform (Mathematics, Geography, Sports and History).
During the experimental phase, a cross validation was performed using those matrices. The scope
was to split the initial dataset into training and validation sets. More specifically, a 33-fold cross
validation was implemented. In each loop of the cross validation, the size of the training set was set
to 32 samples (a 32𝑥𝑥9 matrix) while the validation set was contained one sample (a 1𝑥𝑥9 vector).

Since the target of the experiments was to find out whether or not the MF algorithms can be used for
predicting efficiently the performance or the energy values of unknown SLA weights for a specific
learner using information from previous interactions, an investigation of the capability of the system
to predict those unknown values was performed. In an attempt to do so, randomly, one energy
function value from the validation set was removed. The reduced vector for the one sample contains
information of three out of the four user’s performed learning sessions. Subsequently, NMF, BMF
and PMF were applied using as decomposition matrix the concatenation of the training set and the
evaluation set (after the random value removal). The decomposition was applied for all the steps of
the cross validation. Thereby, the scope of the whole procedure was, by using the three values in the
evaluation set, to estimate the fourth missing value (namely the ground truth provided by the user
her/himself). As a prediction indicator of the approximation, the average root mean square error
(RMSE) was applied (for all loops of cross validation), between the missing values from the validation
set and the correspondent initial values contained in the initial evaluation matrix. Figure 4, Figure 5,
Figure 6, Figure 7, Figure 8 and Figure 9 represent this root mean square error of all the algorithms
and SLAs for several values of rank 𝑘𝑘 after cross validation (for the case of the adaptation) for the
case of adaption (estimation of energy function). All the figures contain the RMSE for the validation
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procedure described above as well as the RMSE for the training procedure. An exhaustive search was
performed in order to calculate the best parameters of MF algorithms for the validation procedure.
The same results (the test procedures) are also depicted in the Table 2, Table 3 and Table 4.

Figure 4 Performance of training procedure for NMF

Figure 5 Performance of test procedure for NMF

Figure 6 Performance of training procedure for PMF
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Figure 7 Performance of test procedure for PMF

Figure 8 Performance of training procedure for BMF

Figure 9 Performance of test procedure for BMF

A remarkable emerging observation from the experimental results was the fact that we can
successfully implement different MF techniques like NMF, PMF and BMF with the purpose of
developing robust personalization mechanisms for updating the SLA weights derived from the SLAs
introduced to the serious game e3 learning platform. MF algorithms could be successfully applied as a
recommendation system for learning environments similar to the e3 learning platform (and therefore
in Computer-based Education systems) by estimating learners affective states and providing
personalized content. The whole procedure could lead to an optimized selection of SLA weights
based on performance for personalization (or affect state information for adaptation).
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SLA/latent Fact.
History
Sports
Mathematics
Geography

K=3
4.229
3.218
2.552
5.151

K=5
3.657
2.786
2.556
4.206

K=7
3.011
2.697
2.401
3.175

K=9
3.111
2.979
1.875
3.226

K=11
3.448
3.219
2.625
4.235

K=13
3.577
3.416
2.955
5.507

k=15
3.850
3.367
2.967
5.343

K=11
3.087
3.918
2.463
3.648

K=13
3.003
3.606
2.429
3.356

k=15
3.019
4.952
2.401
3.230

K=11
4.682
4.492
4.268
4.199

K=13
3.594
3.662
4.415
4.464

k=15
4.332
2.900
4.682
4.011

Table 2: RMSE for NMF

SLA/latent Fact.
History
Sports
Mathematics
Geography

K=3
3.122
4.152
2.738
3.721

K=5
2.579
3.055
2.540
2.921

K=7
2.507
3.226
2.162
3.284

K=9
2.255
4.009
2.247
3.304

Table 3: RMSE for PMF

SLA/latent Fact.
History
Sports
Mathematics
Geography

K=3
3.311
2.101
4.715
3.505

K=5
2.547
1.999
3.811
3.573

K=7
2.923
2.791
3.714
4.362

K=9
5.016
2.937
4.965
3.348

Table 4: RMSE of the BMF

Analogous to the experimental process, the same code was implemented for the MaTHiSiS project
with the purpose of updating the personalization and adaptation part of updating the SLA weights
(replacing the association rules mechanism with the MF mechanism). However, the issue was the
fact that the current available datasets for training derived from the implemented serious game e3
learning platform. The lack of other available data from the MaTHiSiS made impossible of
implementing an efficient system of the project for all the possible SLAs.

4.3 Initialization of learner’s competences
This section describes the methodology to be implemented in order to improve the performance of
the platform when a new learner is added. This method aims to define a procedure to initialize the
SLA weights of each new user using the performances of all the other users of the platform, and
his/her personal information. To that end, for each user, a set of personal parameters like his age,
type and level of disability and competences evaluations can be accessed. This information is
available in the Learning Profile Repository (LPR). The whole set of parameters can be consulted in
[29].
To solve this initialization problem (also known as cold-start problem) two methods have being
proposed. Firstly, one method based on clustering techniques is considered. Secondly, another one,
based on Matrix Factorization (MF) will be explored. The first one is simple and intuitive but suffers
from several drawbacks that could be critical in the matter at hand, and the second one is a more
sophisticated technique and it should bring more theoretical guaranties.
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4.3.1 Clustering
The first solution proposed is based on clustering. This cluster will consist in the pooling of users that
have already used the platform depending on their personal information in order to create groups of
learners sharing similar characteristics. When a new learner is added into the platform, the method
will find to which group he/she is the closest, and then use the performances of the leaner in this
group to initialize his/her learning competences (materialized as SLA weights).
The first step is to use some classical clustering algorithm (such as K-Nearest Neighbours, Mean-shift
or Spectral clustering) to separate the data into homogeneous groups. The advantage of all these
methods is that they divide the dataset into groups based on the users’ similarities without having a
hard-coded definition of the users’ labels. The choice of the method is dependent on the distribution
of the data, and will be analysed once data is gathered (using data from assisted pilots) by choosing
the one that gives the most homogeneous groups. In addition, once the clusters are created it is
needed to define how the SLA weights will be associated to each group.
In addition, as stated above, the goal of this method is to derive initial values for the SLA weights
from the user’s personal information at the time of inscription. However the SLA weights of the users
already available in the platform keep evolving as they go through the learning process. Therefore, it
is important to consider update information in order to ensure that the personal information
included in the LPR correspond to certain SLA weights of experienced users. Indeed the first weights
of a user are not characteristic of his level as he didn't interact with the platform yet and hence are
only determined by our initialization procedure and not by level. To solve this problem the data used
to train the algorithms will be controlled and just close values (with respect to the addition of the
personal information into the platform) will be considered.
On the other hand, a more technical problem arises. In that case, there is no theoretical guarantee
that there is a best way to average the SLA weights of the users belonging to each cluster. The
simplest and most intuitive way to do this is to take the average of the SLA weights applied to all the
users of the cluster. This method has several drawbacks. First of all, there could be some clusters
were no user has experienced some SLA previously. This could be the case if, for example, one cluster
represents a specific school or classroom, then all the users would have information regarding some
specific learning graphs (and consequently, a few SLAs) but they would not have information related
to several SLAs.
More generally, the problem comes from the fact that the clustering is performed only based on the
personal state space, independently of the SLA weight space. This means that, if the SLA weights in a
cluster are not homogeneous, then the average (that is not robust to outliers) could be not
representative of the level of the cluster. To solve this problem, the use of matrix factorization was
also considered.

4.3.2 Matrix factorization
Matrix Factorization (MF) is one of the main techniques used in the recommendation system field.
The goal of MF is to summarize the information in the score matrix, usually movie ratings [30], which
will represent SLA weights in MaTHiSiS context, into smaller latent spaces.
Formally, if M is the 𝑛𝑛 ∗ 𝑚𝑚 matrix of SLA weights (Mi,j is the weight of user i for 𝑆𝑆𝑆𝑆𝐴𝐴j , assuming we
have 𝑛𝑛 users and 𝑚𝑚 SLAs), the objective is to find a matrix 𝑈𝑈 of size 𝑛𝑛 ∗ 𝑑𝑑 and a matrix 𝑉𝑉 of size 𝑑𝑑 ∗ 𝑚𝑚
such that

𝑀𝑀 = 𝑈𝑈𝑈𝑈

where 𝑈𝑈 is the representation of the users in a latent space and each row characterizes a single user,
and 𝑉𝑉 is a representation of the SLAs in a latent space. The parameter 𝑑𝑑 needs to be optimized using
classic learning techniques such as cross validation. Once we found a pair of (𝑈𝑈, 𝑉𝑉) that describe well
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the observed data (see [30] for details), we can rebuild the whole matrix (and more specifically,
estimate the missing SLA weights).
In this particular case, in the handling of the cold start problem, the focus is not on the estimation of
all the missing SLA weights in the matrix but to estimate the weights of a specific (and new) learner.
Nevertheless, in that case by directly using MF as described previously, the row associated to the
new learner will be completely empty. Therefore, the estimation of its representation in the latent
space will not be possible.
In the literature the same problem is encountered when a new movie enters the user-movie
database (for example in the case of the Netflix database). As the new movie has never been rated it
is hard to recommend it to new users. The most common solution to this problem is the so-called
Local Collective Embeddings [31] that uses the characteristics of the new element (usually the
movie’s description) to be able estimate the missing values of the matrix. In the present case, the
information available to this initialization the user’s personal information included in the LPR.
Formally, if C is the users’ characteristic 𝑛𝑛 ∗ 𝑐𝑐 matrix (𝐶𝐶𝑖𝑖,𝑗𝑗 is the characteristic 𝑖𝑖 of user 𝑗𝑗, assuming we
have 𝑐𝑐 characteristics) and 𝑀𝑀 is the SLA weights matrix, then the objective is to find 𝑈𝑈, 𝑉𝑉 (see above)
and 𝑊𝑊, a 𝑑𝑑 ∗ 𝑐𝑐 matrix such:
𝑀𝑀 = 𝑈𝑈𝑈𝑈

𝐶𝐶 = 𝑈𝑈𝑈𝑈

Intuitively, a latent space for users that describes well the users for both SLA weights and personal
information should be derived. Therefore, the procedure is the following. By using the experienced
user’s data, the matrices 𝑈𝑈, 𝑉𝑉 are computed (𝑈𝑈 will not be used). When a new user arrives, his
personal information 𝐶𝐶𝑛𝑛+1 is used to find 𝑈𝑈𝑛𝑛+1 , his representation in the latent space by solving
𝐶𝐶𝑛𝑛+1 = 𝑈𝑈𝑛𝑛+1 𝑊𝑊

and then, the SLA weights associated to the new user is computed using:
𝑀𝑀𝑛𝑛+1 = 𝑈𝑈𝑛𝑛+1 𝑉𝑉

It should be noted that this method faces the same problem of the clustering method when defining
which weights will be used in the matrix 𝑀𝑀 and the same solution can be applied

To sum up, this method seems to be more suitable to the problem presented as it relies on more
solid theory and allows the system to estimate the weights of all the SLA in a single procedure.
Finally, it is important to mention that, for all the methods presented, a group of experienced users
to do a clustering will be required. Therefore, the weights of the first users included in the platform
have been initialized using a heuristic or ad-hoc system. This was defined as a constant weight
initialization (established as 0.3). This solution has been used during the pilots and the data gathered
in this process will be applied as initialization set for future users.

4.4 Future work
Concerning the future improvements and the future implementations regarding task 6.2, several
work is under consideration for the purpose of being implemented in subsequent versions of the
personalization and adaptation methods in the DSS. Currently, different methods for the calculation
of the energy function are also under investigation with the objective of enhancing the merging of
the three affective states without losing the information about them.
Secondly, it should be taken into account that it is not possible to implement a MF approach if the
fields that form the initial matrix are not partially available since the results of MR would lead to
random values. Based on previous experiments, it was established that, at least two out of nine
values for the learner vector were needed in order to robustly perform MF. With the purpose of
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avoiding that issue and solving the cold start problem of MF (for a new SLA for learners that already
exist in the database) the next step proposed (and which is currently under investigation and
developing) is the concatenation of all the SLAs into the same matrix. Therefore, instead of using
separately matrices in order to calculate the MF for each SLA, all the information available from
previous interactions will be used. To that end, a concatenated matrix with size 𝑁𝑁𝑁𝑁𝑁𝑁 (where 𝑁𝑁 is the
number of users, and 𝑀𝑀 corresponding to the SLA weight ranges to be considered) is constructed. By
using this approach, the availability of other SLAs will provide extra information about the learner
interaction regarding several learning competences which facilitate the calculation of new
parameters.
Thirdly, the investigation and modelling of the learner dynamics in the Matrix Factorization is
proposed as a future implementation. The objective of dynamic matrix factorization is to use the
historical evolution of SLA weights to improve our estimation. Indeed, using this method, we will be
able to characterize the learning speed of each user and use it to adapt our recommendation.
Finally, as future work, we consider the automatic training based on the information that it is
contained in the DssHistoricalValues dataset and the incorporation in the training of the newly
introduced SLAs in the platform. With the purpose of having updated MF training models for all the
SLAs that are included in the system, the platform will offer the possibility to automatically create
new models for the existed SLAs (using updated information, for well-known and also new SLAs
introduced in the platform.
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5. Learning Graph Engine
The LGE works as a second step on top of the SLA instance (SLAI) weight update by the DSS, in both
the case of personalization as well as adaptation. Its purpose is to provide the final Learning Graph
node weights with respect to (a) taking advantage of the information encoded in the graph structure,
i.e. the contribution of the SLAs to the learning goal they partake to, defined by the edge weights
between SLAs and learning goals and (b) taking into account the smooth transition between graph
states in each iteration of the learning process.
(a) The Learning Graph (LG) representation model of learners’ competences within a particular
learning experience offers rich information beyond the individual competences (SLAs), provided
by their contribution to the overall learning objective at hand, i.e. the edge weights towards the
learning goals (for more information about Learning Graph structure cf. deliverables D3.3 [32]
and D3.4 [33]). To this end, achievement over competences to be trained for, expressed as
variating node weights of SLAIs and learning goals within a personal LG instance (LGI), is affected
by the contribution of each node to the node(s) they participate in, expressed as constant edge
weights between any two nodes. The relationship between the LGI node and edge weights and
the spectrum of the graph’s Laplacian is the vehicle to achieve the optimal selection of node
weights that will converge the graph faster to its optimal state. In the MaTHiSiS case, where
competences, aka node weights, are normalized in the [0.0, 1.0] range, this optimal state is
evidently the state here all graph node weights reach 1.0.
(b) Moreover, weight updates, especially in the case of adaptation, where weight change oscillation
might vary significantly between Learning Session loops 1, due to the (potential) vastly changing
affective state and performance of the user, should not fluctuate dramatically, annulling the
learner’s progress and overall skills. For example, a learner with already established high
competence in skill/knowledge X might be severely strained at the very hardest level of a training
activity, with frustration skyrocketing and performance dropping rapidly, causing a steep
momentary drop to the competence level. However, the overall performance of the learner is
known, from their past states, to be already considerably high, therefore the needed
competence level drop must be toned down to reflect the learner’s already acquired
skills/knowledge. Correlating previous and current states of the LGI (current being the state after
the DSS updates SLAI weight as described in the previous section) in the calculation of the final
node weights ensures smooth transition between graph states, and consequently competence
uptake.

5.1 Implementation
The LGE is triggered by the DSS, after one or more SLAI weights have been updated following DSS
personalization, or DSS adaptation. Its purpose is to adapt the graph node weights from their
previous state (t-1), to the optimal current state (t’), based on the current state (t) as this was
identified through the DSS.
Premise and initial state

Given a directed connected graph (LGI) 𝐺𝐺 = (𝑉𝑉, 𝐸𝐸), V being the graph vertices, comprised of SLAs
and learning goals and E the graph edges, each 𝑣𝑣 ∈ {𝑉𝑉} carries a variating weight 𝑤𝑤𝑣𝑣 ∈ [0.0, 1.0],
specific to the LGI, unique to the specific learner, idefined by the personalization and adaptation
algorithms, which denotes the competence level of the learner in a specific SLA or learning goals.

1

A loop in the Learning Session is the process that happens in the system between the start of the session or
the end of a Learning Material and serving a new Learning Material to the user based on the
adaptation/personalization decision.
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Each 𝑒𝑒 ∈ {𝐸𝐸} carries a constant weight 𝑤𝑤𝑒𝑒 ∈ [0.0, 1.0], specific to the LG, standing for all LGIs of this
LG, defined by the LG creator which denotes the contribution of a source vertex to a target vertex.

For the first version of the LGE, in the initial state, when a personal LGI is created for the first time for
a learner, and no previous information are known about them, the node weights are initialized to
𝑤𝑤𝑣𝑣 = 0.3. This is a heuristic, empirically chosen, initialization for the vertex weights, with a value in
[0.0, 1.0] that is > 0, hence allowing for the weight(s) to drop if the first experience is too challenging,
but is still low enough to initiate the adaptation process from the easiest activity level from a point
where boredom due to slow progression can be avoided.
In future implementations, this heuristic weight will be disregarded in favour of the calculation of
initial state through explicit user profile information through the DSS.

State at (t-1)

This is the state of the LGI’s vertex weights after the previous update of the LGI, as it is stored in the
MaTHiSiS DB, i.e. before the DSS has yielded another result (whether after personalization or
adaptation). The first time the particular learner uses the particular LG, this equals to the initial state.
State at (t)

This is the state right after the DSS has updated one or more SLA instance (SLAI) weights. An
intermediate/temporary LGI state is created, reflecting these weights and the effect they have on
related goals. Therefore, the LGE firstly retrieves the newest SLAI weights, as transcribed by the DSS
in the MaTHiSiS DB (User Space’s Smart Learning Atom Instance collection), via the SLAlib Open API
(for more information about the SLA lib Open API and the collection, refer to D3.1 [34] and D3.2 [35])
and produces the current state (t) by (a) assigning the respective weights decided by the DSS to each
vertex vi ∈V representing each corresponding modified SLAI and (b) updating the learning goal
vertices’ weights based on their neighbouring SLAI weights.
Learning goal weights are calculated as the weighted sum of all vertices that contribute to them, as:
𝑤𝑤
�𝑢𝑢 =

∑𝑛𝑛𝑖𝑖=1 𝑤𝑤𝑒𝑒𝑢𝑢←𝑣𝑣 𝑤𝑤𝑣𝑣
∑𝑛𝑛𝑖𝑖=1 𝑤𝑤𝑒𝑒𝑢𝑢←𝑣𝑣

where 𝑢𝑢 is the target learning goal, 𝑢𝑢, 𝑣𝑣 ∈ {𝑉𝑉} and 𝑒𝑒𝑢𝑢←𝑣𝑣 ∈ {𝐸𝐸}.
State at (t’)

This is the final state of the LGI for the given adaptation/personalization timeframe. After state (t) is
produced, the LGE self-triggers a refactoring of the graph vertices, based on the graph’s spectral
analysis at state (t).

This involves the computation of the graph’s Laplacian matrix. A Laplacian matrix is used to find
useful properties within a graph and in its simplest form deals with properties related to the degree
and adjacency of nodes in the graph. Combinatorial Laplacians usually involve only edge weights,
limiting again the analysis to the graph edges (e.g. connectivity identification, etc.). In MaTHiSiS’ case,
the interest lies in finding properties that can reflect traditional properties like adjacency and edge
weights conjointly with the graph nodes’ properties, i.e. their weight.

To this end, at state (t’) the combinatorial Laplacian with vertex weights [36] of the LGI of state (t) is
computed, to study the properties of our weighted, directed graph with node weights. This Laplacian
matrix 𝐿𝐿 is defined as 𝐿𝐿 = 𝐵𝐵𝐵𝐵𝐵𝐵∗, where 𝐵𝐵 is the incidence matrix, 𝐵𝐵∗ is its transpose and 𝑇𝑇 is the
diagonal of the edge weights.
Incidence in 𝐵𝐵 is defined as follows:
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𝑖𝑖𝑖𝑖 𝑒𝑒 = {𝑢𝑢, 𝑣𝑣} 𝑎𝑎𝑎𝑎𝑎𝑎 𝑣𝑣 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑢𝑢
�𝑤𝑤𝑢𝑢
𝐵𝐵(𝑢𝑢, 𝑤𝑤) = �−�𝑤𝑤 𝑖𝑖𝑖𝑖 𝑒𝑒 = {𝑢𝑢, 𝑣𝑣} 𝑎𝑎𝑎𝑎𝑎𝑎 𝑢𝑢 𝑒𝑒𝑒𝑒𝑡𝑡𝑒𝑒𝑒𝑒𝑒𝑒 𝑣𝑣
𝑢𝑢
0 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

The Laplacian is then used to choose the vertex weight that will give faster completion, i.e. fastest
convergence of the weights to the optimal state (𝑤𝑤𝑣𝑣 = 1.0). This is an extension of the fast averaging
optimization problem, which delved into choosing the edge weights that would give fast averaging
[37]. The foundation of fast averaging lies in that a symmetric convex function of the positive
Laplacian eigenvalues yields a convex function of the edge weights [37]. In the case of the
combinatorial Laplacian with vertex weights, a case for which literature is scarce, we have identified
that this extends to weighted graphs with fixed edge weights and varying vertex weights, i.e. that a
symmetric convex function of the positive combinatorial Laplacian eigenvalues yields a convex
function of the vertex weights.
Thus, the fast averaging optimization problem of [37] was conveyed to the MaTHiSiS problem space,
where we define the optimal convergence rate 𝛼𝛼 of the graph at state (t) the same way:
minimize

𝑚𝑚𝑚𝑚𝑚𝑚 𝑛𝑛𝑖𝑖=2 |1 − 𝜆𝜆𝑖𝑖 |

which is posed as the semidefinite problem
minimize

α

subject to

−𝛼𝛼 ≤ 𝑚𝑚𝑚𝑚𝑚𝑚{1 − 𝜆𝜆2 , 𝜆𝜆𝑛𝑛 − 1} ≤ 𝛼𝛼

where 𝑛𝑛 are the total eigenvalues of the graph’s Laplacian.

The optimal rate is then used to calculate the weights at (t’), applying the logic of the fast averaging
solution of [37], to the state-based fast completion that was identified for MaTHiSiS:
𝑤𝑤𝑣𝑣 (𝑡𝑡 ′ ) = 𝑤𝑤𝑣𝑣 (𝑡𝑡) − 𝛼𝛼(𝑤𝑤𝑣𝑣 (𝑡𝑡) − 𝑤𝑤𝑣𝑣 (𝑡𝑡 − 1))

Figure 10, Figure 11 and Figure 12 portray some examples of the vertex weights in each of the LGI
states, thus with the final LGE outcome, highlighting the smooth competence transition with respect
to the learner’s progression between states.

Figure 10 Vertex weights going up from (t-1) to (t)
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Figure 11 Vertex weights going down from (t-1) to (t)

Figure 12 Varying levels from (t-1) to (t)

5.2 Future improvements
Future improvements will examine the optimization of the spectral norm of the LGI’s Laplacian
instead of the currently employed criterion. The major update already underway however, concerns
extending the approach described in the previous subsection to Learning Actions (LAs) attached to
the LG’s SLAs, so that a hypergraph of goals-SLAs-LAs will undergo spectral analysis with an ultimate
goal to assign weights to LAs, that depend on the graph’s properties. These weights will indicate the
priority each LA has towards the completion of the LGI, thus provide graph-based cues to the
Experience Engine for appropriate Learning Action Materialization selection.
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6. Conclusion
The theoretical analysis performed as part of task 6.1 has served as a solid background for the
implementation of the personalization and adaptation mechanisms. The components implemented
make use of personal information and data from previous interactions with the platform (such as
performance and affective states) in order to recommend the most suitable learning content. The
main scope of these methods is the proper selection of learning material in order to maintain the
learners in the appropriate affective state (engagement) which leads to a maximization of the
knowledge acquisition during the learning process.
Moreover, the initialization of competence parameters for new users has been considered. This new
functionality will facilitate the addition of new learners into the platform. By using personal
information stored in the LPR, the learners will receive appropriate learning content (and suitable
levels of difficulty) even during initial interactions with the system.
The implementations described in this first deliverable of task 6.2 required certain decisions made
based on practical considerations such as the creation of a specific database in order to perform the
first internal tests and use this data to train the algorithms which were used during the pilot phases.
In order to gather this data, a serious game was implemented e3 learning platform.
The implementation of both DSS and LGE can be found in MaTHiSiS GitLab repository (DSSlib 2 and
LGE 3 folders, respectively). These components have been used in the assisted pilots performed in
2017.
Towards more sophisticated tailoring of the learning experience to the learners, the next steps will
include
a) Validation of new formula for energy calculation
b) Evaluation of global matrix factorization mechanism making use of concatenation of several
SLAs’ information
c) Implementation of dynamic matrix factorization
d) Implementation of the mechanism to manage the initialization of new learners’ competences
e) Refinement of current components based on feedback from assisted pilots
It is worth stressing that the algorithms implemented in the DSS and LGE have been included in
MaTHiSiS publications (one conference paper presented in the 9th International Conference on
Computer Supported Education (CSEDU 2017) and one journal paper submitted and awaiting review
decisions).

2
3

https://gitlab.atosresearch.eu/ari/mathisis/tree/develop/Back-end/DSSlib
https://gitlab.atosresearch.eu/ari/mathisis/tree/develop/Back-end/LGE

Contract No.: 687772

Page 31 of 40

D6.2 – The MaTHiSiS Learning Graph Engine

7. References
[1] Nottingham Trend University: D6.1 – Adaptation and personalization principals based on
MaTHiSiS findings, 2016.
[2] Atos: D7.3 – MaTHiSiS platform, 2nd release, 2017.
[3] Iovannone, R., Dunlap, G.,. Huber, H., & Kincaid, D. (2003). Effective Educational Practices for
Students with Autism Spectrum Disorders. Focus Autism Other Develomental Disabilities,18, 150–
165.
[4] Carpenter, B., Egerton, J., Cockbill, B., Bloom, T., Fotheringham, J., Rawson, H., & Thistlethwaite,
J. (2015). Engaging Learners with Complex Learning Difficulties and Disabilities: A resource book
for teachers and teaching assistants. Taylor & Francis.
[5] Hargreaves, D. H. (2006). A new shape for schooling. Specialist Schools and Academies Trust.
[6] Sebba, J., Brown, N., Steward, S., Galton, M., & James, M. (2007). An investigation of
personalised learning approaches used by schools. Nottingham: DfES Publications.
[7] Dolan, R. P., & Hall, T. E. (2001). Universal Design for Learning: Implications for large-scale
assessment. IDA perspectives, 27(4), 22-25.
[8] Pekrun, R., & Linnenbrink-Garcia, L. (Eds.). (2014). International handbook of emotions in
education. Routledge.
[9] Shernoff, D. J., Csikszentmihalyi, M., Schneider, B., & Shernoff, E. S. (2014). Student engagement
in high school classrooms from the perspective of flow theory. In Applications of Flow in Human
Development and Education (pp. 475-494). Springer Netherlands.
[10]D'Mello, S., Picard, R. W., & Graesser, A. (2007). Toward an affect-sensitive AutoTutor. IEEE
Intelligent Systems, 22(4).
[11]Basawapatna, A. R., Repenning, A., Koh, K. H., & Nickerson, H. (2013, August). The zones of
proximal flow: guiding students through a space of computational thinking skills and challenges.
In Proceedings of the ninth annual international ACM conference on International computing
education research (pp. 67-74). ACM.
[12]Chaiklin, S. (2003). The zone of proximal development in Vygotsky’s analysis of learning and
instruction. Vygotsky’s educational theory in cultural context, 1, 39-64.
[13]Rose, D. H., & Meyer, A. (2002). Teaching every student in the digital age: Universal design for
learning. Association for Supervision and Curriculum Development.
[14]Connolly, T. M., Boyle, E. A., MacArthur, E., Hainey, T., & Boyle, J. M. (2012). A systematic
literature review of empirical evidence on computer games and serious games. Computers &
Education, 59(2), 661-686.
[15]University of Maastricht: D4.3 – Affect understanding in MaTHiSiS, 2017.
[16]Nottingham Trend University: D4.5 – Multimodal learning analytics, 2017.
[17]Agrawal, R., & Srikant, R. (1994, September). Fast algorithms for mining association rules. In Proc.
20th int. conf. very large data bases, VLDB (Vol. 1215, pp. 487-499).
[18]Ye, Y., & Chiang, C. C. (2006, August). A parallel apriori algorithm for frequent itemsets mining. In
Software Engineering Research, Management and Applications, 2006. Fourth International
Conference on (pp. 87-94). IEEE.
[19]Athanasiadis, C., Lens, C. Z., Koutsoukos, D., Hortal, E. & Asteriadis, S. (2017). Personalized, affect
and performance-driven Computer-based Learning. In CEDU 2017, 9th International Conference
on Computer Supported Education, Porto, 21-23 April 2017.
[20]Hollander, M., Wolfe, D. A., & Chicken, E. (2013). Nonparametric statistical methods. John Wiley
& Sons.
[21]Su, X., & Khoshgoftaar, T. M. (2009). A survey of collaborative filtering techniques. Advances in
artificial intelligence, 2009, 4.
[22]Hu, Y., Koren, Y., & Volinsky, C. (2008, December). Collaborative filtering for implicit feedback
datasets. In Data Mining, 2008. ICDM'08. Eighth IEEE International Conference on (pp. 263-272).
IEEE.
Contract No.: 687772

Page 32 of 40

D6.2 – The MaTHiSiS Learning Graph Engine

[23]Koren, Y. (2010). Collaborative filtering with temporal dynamics. Communications of the ACM,
53(4), 89-97.
[24]Lee, D. D., & Seung, H. S. (1999). Learning the parts of objects by non-negative matrix
factorization. Nature, 401(6755), 788-791.
[25]Lee, D. D., & Seung, H. S. (2001). Algorithms for non-negative matrix factorization. In Advances in
neural information processing systems (pp. 556-562).
[26]Lee, D. D., & Seung, H. S. (1999). Learning the parts of objects by non-negative matrix
factorization. Nature, 401(6755), 788-791.
[27]Mnih, A., & Salakhutdinov, R. R. (2008). Probabilistic matrix factorization. In Advances in neural
information processing systems (pp. 1257-1264).
[28]Salakhutdinov, R., & Mnih, A. (2008, July). Bayesian probabilistic matrix factorization using
Markov chain Monte Carlo. In Proceedings of the 25th international conference on Machine
learning (pp. 880-887). ACM.
[29]Atos: D3.8 – Learner’s Profile Repository, 2017.
[30]Koren, Y., Bell, R., & Volinsky, C. (2009). Matrix factorization techniques for recommender
systems. Computer, 42(8).
[31]Saveski, M., & Mantrach, A. (2014, October). Item cold-start recommendations: learning local
collective embeddings. In Proceedings of the 8th ACM Conference on Recommender systems (pp.
89-96). ACM.
[32]Centre For Research and Technology Hellas: D3.3 – The MaTHiSiS Learning Graphs, 2016.
[33]Centre For Research and Technology Hellas: D3.4 – The MaTHiSiS Learning Graphs, 2017.
[34]DIGINEXT: D3.1 – The MaTHiSiS Smart Learning Atoms, 2016.
[35]DIGINEXT: D3.2 – The MaTHiSiS Smart Learning Atoms, 2017.
[36]Chung, F. R., & Langlands, R. P. (1996). A combinatorial Laplacian with vertex weights. Journal of
combinatorial theory, Series A, 75(2), 316-327.
[37]Boyd, S. (2006). Convex optimization of graph Laplacian eigenvalues. In Proceedings of the
International Congress of Mathematicians (Vol. 3, No. 1-3, pp. 1311-1319).
[38]Massey Jr, F. J. (1951). The Kolmogorov-Smirnov test for goodness of fit. Journal of the American
statistical Association, 46(253), 68-78.

Contract No.: 687772

Page 33 of 40

D6.2 – The MaTHiSiS Learning Graph Engine

8. Annexes
8.1 DSS data flow during personalization
The information used by the DSS during personalization process is briefly described in the following
data flow:
•
•
•
•

•

•
•

Firstly, by using the provided session_id and performing a GET call to the Learning Session
API (GET /api/LS/learningSessions/{session_id}) DSS retrieves the needed information (such
as learner id or personalized learning graph id).
Afterwards, having obtained the id of the personalized learning graph, DSS next objective is
to retrieve all the SLAI (SLA instance for a specific learner) ids from the learning graph by
making use of the following GET call to the SLAI library: GET api/lg/getSLAIs?id={id_lgi}.
Then, in the following step, DSS gets the weights of the current SLAIs from the SLAI library, by
performing another GET call: GET /api/sla/getSLAI?id={id_slai}.
By using the learner id, DSS retrieves from the DssHistoricalValue collection (Figure 13) of the
database the performance of the learner for all the Smart Learning Atoms included in the
current Learning Graph. If previous performance for specific SLAs is not available in the
database, the system proceeds with the update of SLAI and LGI using the current values.
Having retrieved all the SLA weight values and having the corresponding performance for
each one, the DSS personalization algorithm calculate the updated value to be used for each
of these SLAI.
In the next step, DSS updates all the SLAI weights by performing the following call: POST
/api/sla/updateSLAIweight?id={id_slai}&sid={id_session}, with an input string containing just
the new weight
When all the values are updated, the DSS triggers the LGE by performing the following GET
call: GETapi/lg/updateLGI?id={id_lgi}&sid={id_session}

Figure 13 DssHistoricalValue collection schema
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A more elaborated and analytical description of the MaTHiSiS platform loop is included in the
deliverable D7.3 [2].
Finally, as mentioned in the data flow list, the schema of the DssHistoricalValue collection is used to
store useful information which is used during the process. This schema is described as follows:
{

“learner”: {learner identifier},
“sla”: {SLA identifier},
{
"sla_weight_personalization":
[
{ "timestamp": {timestamp of the register},
"sla_weight_personalization_value: {SLA weight},
"performance": {performance of the learner}
}
…
]
"sla_weight_adaptation":
[
{ "timestamp": {timestamp of the register},
"sla_weight_adaptation_value: {SLA weight},
"affect_state": {affective state of the learner}
}
…
]
}
}

8.2 DSS data flow during adaptation
Similarly, the information used by the DSS during adaptation process is briefly described in the
following data flow:
•
•
•
•
•
•

Firstly, by using the provided session_id and performing a GET call to the Learning Session
API (GET /api/LS/learningSessions/{session_id}) DSS retrieves the needed information (such
as learner id, current learning action or personalized learning graph id).
Moreover, by using the id of the personalized learning graph, DSS next objective is to retrieve
all the SLAI ids from which the Learning Graph is consisted of using the following GET call:
GETapi/lg/getSLAIs?id={id_lgi }.
Then, the system filters and keeps only the SLAI ids that are related to the retrieved current
learning action.
DSS gets the current SLAI weights (for the filtered SLAI ids from the previous step) using the
following GET call: GET/api/sla/getSLAI?id={id_slai}.
Having retrieved the learner id, the system fetches from the DssHistoricalValue collection the
affective states of the learner for the Smart Learning Atom involved in the current learning
action.
Moreover, during the adaptation a historical record of the SLAIs is kept in the
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•
•
•

DssHistoricalValues collection, storing performance and the affect states registered in during
the current session. An instance of the database schema (DssHistoricalValues) it is illustrated
in Figure 13.
Then, in the next step, adaptation computes the new SLAI weights for each SLA.
DSS updates all the SLAI weights by performing the following a POST call to the SLAI library:
POST/api/sla/updateSLAIweight?id={id_slai}&sid={id_session}
When all the weights have been updatged, the DSS triggers the LGE:
GETapi/lg/updateLGI?id={id_lgi}&sid={id_session}

When the update of the corresponding SLAs and whole LG finishes the platform starts the
mechanism to deploy a new Learning Material.

8.3 e3learning platform and database
From early phases of the project, data acquired through learning environments becomes a principal
condition. Toward this goal, a novel serious game called emotion-enabled electronic learning
platform (e3 learning platform) [19] was developed by the University of Maastricht. Afterwards, this
platform was utilized to create a database which includes information about interaction parameters
while using this e-learning platform.
The platform consists of two major functionalities. Firstly, the tutor role, designed to allow the
incorporation of new learning content, and secondly, the learner functionality, which enables the
learning interactions of the learners with the platform. These two functionalities are depicted in the
platform's introduction interface in two different buttons as it can be observed in Figure 14. In Figure
15, the functionality of the tutor is shown while in the Figure 16 the learning experience scene that is
presented to the learner is shown.

Figure 14 First scene of the game
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Figure 15 Tutor profile

Figure 16 Student profile

Furthermore, a detailed description of the student profile (the tutor profile description can be found
in [19]) is as follows:
1. When the user presses the student scene button, the Log in/Sign up interface is prompted.
2. Then, the student logs in or, in the case that an account has not been created, the sign up
process must be performed. In the sign-up screen, the user adds information in order to
create an account and to be able to log-in to the system
3. Subsequently, the student is directed to the subject interface where s/he can choose a
specific SLA (simplify as subjects in the e3 learning platform) among the available ones and
then, a new learning session starts.
4. When the learning session scene begins, seven different questions are portrayed
consecutively to the student.
5. During the learning session, questions, the possible answers (in the case of choose an
answer) and an information box which contains data about the learning session is rendered
to the learner.
6. Furthermore, different sounds and emoticons are presented in order to provide real-time
feedback about the performance of the activity and to provoke and boost learner’s cognitive
reactions.
7. After each session, learner is asked to annotate her/his affective states (levels of
engagement, boredom and frustration) on a scale from 0 to 5.
8. The next scene is the result panel interface which informs learner about the score obtained
during the session and the total score of the rest of the learner for the specific subject.
Contract No.: 687772

Page 37 of 40

D6.2 – The MaTHiSiS Learning Graph Engine

9. Finally, the learner has the choice to either log-out or continue with a new interaction. In the
latter case, s/he has to choose a subject again.
Database
By making use of the e3 learning platform, a dataset of learners interacting with the learning content
was constructed. The whole dataset, as well as, an analysis of the e3 learning platform is extensively
described in [19]. Furthermore, statistical and demographic analyses over the population derived
from the dataset were performed. In Table 5, demographics from the study population are
presented.
Statistics
Population

μage
22.5

σage
9.3

Female/Male Bachelor/Master Engineering/Psychology
17/16
22/11
23/10

Table 5: Demographics and statistics from the whole population

This table includes the mean and standard deviation of the age for all the volunteers, the number of
male and female learners, the number of bachelor and master students and finally, the number of
them belonging to engineering and psychology departments. Multiple statistical analyses were
performed over the populations based on different parameters: Bachelor/Master, Male/Female and
Engineering/Psychology learners (by testing average and variance). The features considered in these
analyses were performance, time and cognitive state. In order to investigate the importance of these
measurements, significance tests were also applied to these populations.
Firstly, One-sample Kolmogorov-Smirnov tests [38] were performed with the purpose of testing
whether the populations are following or not a normal distribution. The results were, in all cases,
negative and for that reason, Wilcoxon tests were chosen for the performed statistical analysis [20].
A Wilcoxon rank sum test is a non-parametric test that can be used to determine whether two
independent samples were selected from populations having the same distribution. This test is based
on mean and standard deviation. In this work, the significance threshold was set to p = 0.05. The
pairs of population where it was found a significant difference between their distributions are
rendered in Table 6. This table contains the name of each pair, the p-value of the Wilcoxon tests and
the averages for both populations.
Significant tests
Geography gender frustration
Geography gender engagement
History degree frustration
Sport gender boredom
History faculty time
Sports faculty time
Math faculty score
Sports gender time
History gender time
Gender score for all subjects
Gender time for all subjects
Faculty time for all subjects

p-value
0.001
0.018
0.015
0.016
0.028
0.008
0.021
0.007
0.007
0.022
0.006
0.005

Mean 1
1.42
2.56
1.88
1.75
54.70
42.96
0.62
42.07
52.70
0.57
50.73
51.50

Mean 2
2.27
3.24
2.53
2.34
63.17
48.15
0.53
46.91
61.45
0.52
55.53
57.20

Table 6: The results of Wilcoxon significant tests
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In Table 7, statistics about all the stored learning sessions are illustrated. In this table, the mean and
standard deviation of time and score for the four different SLAs/subjects are rendered.
Sessions
Mathematics
Sports
Geography
History

μtime (σtime)
78.31(22.07)
44.47(13.41)
31.69(12.11)
57.08(18.48)

μscore (σscore)
0.59(0.23)
0.47(0.25)
0.58(0.26)
0.57(0.26)

Table 7: Mean and standard deviation of time (in seconds) and score during the learning sessions

Table 8 includes the mean and standard deviation of the learners’ annotation during the learning
sessions (namely, boredom, engagement and frustration on a scale between 0-5).
Sessions
Mathematics
Sports
Geography
History

μbor(σbor)
0.97(1.05)
1.57(1.37)
1.16(1.17)
1.22(1.27)

μeng (σeng)
3.08(1.43)
2.37(1.42)
2.76(1.48)
2.61(1.49)

μfr (σfr)
2.31(1.43)
2.04(1.50)
1.86(1.49)
2.08(1.52)

Table 8: Mean and standard deviation for learners affects

Sessions

μbor(σbor)

μeng (σeng)

μfr (σfr)

μtime (σtime)

μscore (σscore)

Mathematics

0.92(1.12)

3.00(1.44)

2.18(1.49)

0.62(0.22)

76.80(23.07)

Sports

1.59(1.38)

2.02(1.57)

1.83(1.49)

0.47(0.26)

42.96(14.31)

Geography

1.12(1.17)

2.56(1.46)

1.64(1.42)

0.58(0.27)

31.04(12.94)

History

1.30(1.37)

2.47(1.49)

2.18(1.49)

0.56(0.24)

54.70(18.43)

Table 9: Mean and standard deviation for learners’ cognitive self-assessments (engineering)

μbor(σbor)

μeng (σeng)

μfr (σfr)

μtime (σtime)

μscore (σscore)

Mathematics

1.02(0.88)

3.41(1.29)

2.59(1.26)

0.53(0.21)

81.63(19.53)

Sports

1.53(1.36)

2.10(1.32)

2.10(1.31)

0.46(0.23)

48.24(10.16)

Geography

1.26(1.19)

3.23(1.43)

2.19(1.61)

0.57(0.24)

33.24(9.78)

History

1.00(0.97)

2.98(1.44)

2.59(1.49)

0.54(0.25)

63.17(17.38)

Sessions

Table 10: Mean and standard deviation for learners’ cognitive self-assessments (psychology)

Finally, Figure 17 and Figure 18 consist of statistics about the two different populations (mean and
standard deviation for score, time and learners’ annotation during the learning sessions). An
emerging observation that may be extracted from Table 8, Table 9 and Table 10 is that learners with
engineering background performed and concentrated better in the case of Mathematic subject
rather than the students with background in psychology. The difference between the score on
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different students’ background was validated through the Wilcoxon significant test where the null
hypothesis for distribution equality was rejected with p-value = 0.021 while the average scores for
engineering/psychology students were 0.62/0.53 correspondingly. Figure 17 and Figure 18 render
the box-plots for time and score for different gender and faculty for all courses (the significance of
the difference between these populations were proven by Wilcoxon tests). Furthermore, another
interest observation that was extracted during the Wilcoxon tests was the significance between the
self-assessment of male and female for boredom on sports. Female students tend to annotate their
affect state with a higher value regarding boredom than male students. On the whole, the analysis
presented in the current section revealed interesting observations about the diversity of the learners
and validates the wealth of the dataset.

Figure 17 Differences among gender regarding the score obtained

Figure 18 Differences among gender and faculty in time (DKE represents the engineering department while
FPN is the psychology department)
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