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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. 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 deliverable provides the first report on the affect understanding in MaTHiSiS considering two 
aspects: 1) the interaction of the learner with the learning material and 2) the sensorial components. 

Regarding the interaction of the learner with the learning material, MaTHiSiS presents a novel 
framework that builds an affect recognition system. This system is based on the understanding of 
user’s experience and tracking of interactions with the learning material (LM) and Platform Agents 
(PAs). Towards this goal, MaTHiSiS makes use of different interaction features to analyse their 
potential as an indicator of learner affective states. The Experience API (xAPI) standard is applied to 
collect and analyze the learner experience and affect. The emotion model used in MaTHiSiS is based 
on a reduced model of the theory of flow with three affective states: boredom, engagement and 
frustration. 

With regards to sensory-based affect recognition, MaTHiSiS uses five Sensorial Component 
modalities: facial expression analysis, gaze detection, skeleton motion analysis, audio analysis and 
mobile-based inertia sensors analysis. The algorithms have been trained with public data sets and 
with the datasets acquired through the Data Acquisition Tool in the pilot sites. The evaluation of 
these algorithms shows that although their performance is promising, it can be improved if more 
data is used to train them. These data will be collected in the second phase of the pilots (assisted 
pilots). 
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1. Introduction 

1.1  Document context 

MaTHiSiS pursues the objective of providing a complete tool for understanding the affective state of 
the learners while interacting with the platform. Thereunder, MaTHiSiS uses different source of 
information, gathered through sensorial components and tracking user interactions. Analogous to 
D4.1 [1] and D4.2 [2], where the analysis of the different sensorial component modalities are widely 
described, this document includes a complete description of the procedure followed to track, 
process and analyse different interactions which take place over the course of the learning 
experiences.  

Furthermore, the affect understanding in MaTHiSiS also includes the analysis of data from the 
different modalities of the Sensorial Component. In this document, the evaluation of the current 
version of each modality is described. It is noteworthy that the affect understanding follows a 
common space which is based on the Theory of Flow described in D6.1 [3]. This affect understanding 
through different source of information leads to the necessity to perform a multimodal fusion, which 
is implemented as part of “Task 4.3 Multimodal learning analytics” and described in D4.5 [4]. 

1.2 Document structure 

This deliverable is organized as follows. The tracking, analysis and validation of interaction 
parameters is presented in Section 2 along with the description of the IPA lib and its API. This section 
also includes the ongoing work to improve the functionalities provided by the AIR lib component. 
Section 3 introduces the preliminary results of different SC modalities using data collected in the 
context of MaTHiSiS. Section 4 reports the conclusions. Finally, the annex included in section 6.1, 
describes the specification to track learner interactions with the platform, the xAPI. This information 
is an update of the information presented previously in D5.1 [5]. 
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2. Affect understanding through interaction with the 
learning material 

Affective state recognition in e-learning environments has attracted a remarkable amount of 
research in the recent years. In fact, even only contextual information can play a central role in the 
educational system, as it can itself contribute significantly to student affective experience and 
performance. Consequently, emotion prediction is part of the learning procedure, vital for the 
adaptation of a learning platform. In that regard, MaTHiSiS presents a novel framework that builds 
an affect recognition system. This system is based on the understanding of user’s experience and 
tracking of interactions with the learning material (LM) and Platform Agents (PAs). Towards this goal, 
MaTHiSiS makes use of a variety of interaction features to examine their potential as an indicator of 
learner affective states. The Experience API (xAPI) is used to collect and analyze student experience 
and affect (further information is included in Annex 6.1). As described in [1] and [3], the emotion 
model used in MaTHiSiS is based on the theory of flow. The reduced model of this theory (namely, 
boredom, engagement and frustration) is adopted for the affect understanding through interactions 
to address learner’s emotions.  

2.1 Interactions with Platform Agent library: First approach 

As a first solution, a reduced set of interaction parameters were studied in order to infer the affective 
state of the learners. This section shows this initial approach, describing the tracked interactions, the 
transformation of these interactions in useful features and the analysis performed. 

2.1.1 Interaction tracking 

The TIN CAN API or Experience API (also called xAPI) is the standard used in MaTHiSiS for the 
communication of interaction information between the Platform Agents and the cloud. This 
information may be then assessed as part of the learning analytics (see [4] for further information). 
The xAPI is a leading framework and an emerging standard for the tracking and the storage of 
educational data [6]. This standard is used in MaTHiSiS due to the following: (1) xAPI is event-
centered, covering a larger range of actions, as the field verb can define arbitrary actions; (2) it is 
designed for better interoperability in different educational systems; (3) xAPI has many adopters [7] 
and it is also supported by commercial Learning Record Store services such as Learning Locker [8]; 
and (4) xAPI framework is extensible, as it can be easily integrated into a new software component in 
the system which allows the adaptation of the system as requirements change.  

The xAPI specification is flexible, and not constrained to tracking learning experiences only on web-
based formal learning. The xAPI specification has two parts, one focuses on the syntax of the data, 
while the other part defines the characteristics of the Learning Record Store (LRS). The LRS serves as 
the endpoint that collects and exchanges the learning activity traces [9]. Activity statements stream 
is generated by activity providers (APs). APs are sensor networks that are aware of the individual 
actors and they are responsible for producing validated statements. In MaTHiSiS context, the LMs act 
also as AP, generating and sending xAPI statements based in the interaction of the learner. These 
experience statements are the core of xAPI, providing the trajectories of learning activities. The 
learning activity stream is the foundation of the learning analytics and the interaction parameters for 
affect recognition in the case of MaTHiSiS. xAPI data format defines the experience statements with 
the following attributes: 

 Mandatory fields: Actor, Verb and Object 

 Optional fields: Result, Context, Timestamp, Stored (internal recording timestamp), 
Authority, (Protocol) Version and Attachments 
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The standard is used in the MaTHiSiS framework as follows: “Actor” defines the subject that 
performs the activity that, in MaTHiSiS, can be a learner, a tutor or the device being used to conduct 
the learning experience (so called PA). Field “Verb” describes an action taken by the actor. “Object” 
represents the subject of the actor’s action. It allows the differentiation between the components of 
the learning activity. Contrary to the xAPI standard, “Timestamp” is defined as a mandatory field in 
MaTHiSiS context. This element provides essential information that allows the system to get 
historical information of all the actions performed and the exact moment when they occurred as well 
as enabling the calculation of meaningful information such as the time required to perform specific 
activities. “Result” element gives the outcome of the experience (such as parameters regarding 
success, completion or score during the activity). 

In MaTHiSiS, a set of pre-defined statements have been selected in order to track useful information 
to be used for emotion recognition and to be assessed as part of the learning analytics (Task 4.3: 
Multimodal learning analytics). A complete description of the standard and how it is used in 
MaTHiSiS is provided in Annex 6.1. As mentioned above, in this first approach a reduced set of 
statements have been used in order to calculate the interaction parameters. The complete list of 
statements is shown below: 

 PA initialized an interaction 

 PA asked a question 

 Learner failed a question 

 Learner passed a question 

 Learner terminated an interaction 

Using these pre-defined statements, it is possible to track, for example, when a student starts a new 
session (triggering “initialized” verb), when a question is presented (“PA asked a question”) or when 
a learner responds correctly/wrongly (“Learner passed/failed a question”). To track when a learner 
does not give an answer or skip a question, the “completion” field of the “Result” element is sent as 
False in a readable format using JavaScript Object Notation (JSON) object to indicate this event. This 
set of statements will be expanded to monitor a broader range of interactions in future versions. 

2.1.2 Data gathering and dataset information 

This initial approach has been validated with data gathered in Maastricht University using the so-
called learning’ platform [10], also developed in UM and integrated as part of the Data Acquisition 
Tool (DAT) presented in [1]. This serious game consists of a learning platform that can trigger certain 
emotions that the learner will be asked to annotate. Figure 1 shows a screenshot of this game. The 
game contains three types of questions: “multiple choice” (which includes three possible options), 
“true or false” and “open-ended question” (where learners are required to enter the whole answer).  

In order to collect as much data as possible in this phase of data gathering, a database that includes a 
total of 800 questions was developed, covering four major topics, namely: Mathematics, History, 
Sport and Geography. Moreover, the defined questions include a varying difficulty level from 1 to 9 
(in ascending order). Further details on the functionality of the game and how the student can use it 
are listed below: 

 Learners log in after creating an account, which includes their demographics information, 
knowledge (skills) on each subject presented in the game and study background. 

 Then, learners are directed towards a subject interface, where they can choose a specific 
subject. Subsequently, a new learning session starts. 

 In each learning session, students are asked consecutively seven times with questions 
belonging to one of the three types available (for this phase, only “multiple choice” questions 
were provided). 

 While they answer these questions, different sounds are used to provoke learners’ reaction 
(trying to trigger frustration and boredom). 
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 After each session, students are asked to provide self-annotations with regards to the 
experienced affect. The affective state is ranked on Likert scales range between zero and five 
for boredom, engagement and frustration. 

 The platform provides to the student his/her score in the subject so far and a comparison 
with the results of the other students. 

 Finally, up to four attempts in each subject (the minimum amount of sessions required), the 
learner has the choice of either continuing playing or logging out. 

 

 

Figure 1: Example of a question shown by the learnin’ platform (“multiple choice” question) 

 

The data gathered in University of Maastricht and used to perform the first analysis contains data 
from sessions performed by 33 learners (17 females and 16 males) voluntarily participating in the 
experiments. Diversity of users is considered, selecting learners with different profiles such as age, 
education level and gender. The users were either bachelor or masters students 22.6 ± 3.1 years old 
(average age and standard deviation). These learners belong to two different knowledge profiles, 
namely engineering and psychology faculties. Each student performed at least four learning sessions 
for each of the four available subjects.  

Following each session, learners were asked to assess their experience on a Likert scale (from zero to 
five) which indicates the degree of boredom, engagement and frustration, following the reduced 
theory of flow model. Data gathering in sessions for multiple users was conducted in adjusted 
environments like classrooms. Users’ visual information was also captured using a web camera while 
sitting in front of the PC. Visual data includes upper body and face images. It has rich expressivity and 
reactions of the users during the interaction with the platform. The total duration of each 
experiment per participant lasted an average of 26 ± 5 minutes.  

It is important to note that a consent form was given to every participant prior to the study. This 
form contains all the information needed for the learners to understand the reason behind the 
experiment and the gathering of the data. The content of this consent form was reviewed and 
approved by the Ethical Review Committee of Maastricht University. Moreover, users were given oral 
instructions about the process they need to follow, the number of sessions they should complete and 
about the self-annotation based on the theory of flow. This assessment is taken as a ground truth 
label of their interaction in a learning session. Furthermore, the system automatically changed the 
difficulty level of each session based on the learner performance in the previous one. Initially, the 
first level of difficulty was picked randomly among the lowest three levels. Subsequently, the user 



D4.3 – Affect Understanding in MaTHiSiS 

Contract No.: 687772 

 

Page 14 of 42 

 

was asked to answer questions related to levels four or five, six or seven and eight or nine, 
depending on whether or not the learner’s score would reach a certain threshold. 

2.1.3 Pre-processing and features extraction 

After the completion of each session, users were asked to assess their experienced affect according 
to the theory of flow for each state in a scale between zero and five. However, it was noticed that, in 
some sessions, students were not sure about their states and reported similar values (e.g. high levels 
for both boredom and engagement). As a pre-processing step, these sessions were discarded and, at 
the end, 459 properly annotated sessions were obtained. 

Subsequently, for evaluation purposes, the affective state corresponding to each session was given a 
label with regards to each one of the three affective states. Future extensions of this work will 
consider the applicability of regression techniques in order to assess emotion according to the Likert 
scale. Based on the students’ self-assessment and the pre-processing steps on the acquired data, the 
collected sessions were labeled as following: 57 sessions as boredom, 272 sessions as engagement 
and 130 sessions as frustration.  

In each session, according to the information provided by the learners, the following parameters 
were used as features: student’s skill level per subject, academic background, age and gender. Also, 
using the xAPI statements received, we tracked the following features: 

 Time needed to answer 

 Score (where “1” represents a correct answer, “0” an incorrect one and “2” is used if the 
learner didn’t answer the question in the time provided) 

 Difficulty level of each question (among the 9 available levels) 

 Number of trials (which represents the number of user’s attempts in each subject) 

2.1.4 Interaction analysis 

As mentioned in the previous section, the collected interaction features and the reported self-
annotations resulted in an imbalanced dataset. This imbalance property is natural and expected in a 
learning environment, where developed and presented learning materials are supposed to meet 
student’s skills. In such environments, learners are supposed to be engaged (or trying to be) as the 
material is assumed to lead to this state. Although the learning platform was configured to provoke 
more frustration and boredom, the majority of the resulted labels were reported as engagement. An 
additional reason for this challenge can be sourced as a result of annotation uncertainty. A study in 
[10] supported this finding by referring to the uncertainty while labeling data, even when it is done 
by the users themselves. Due to this challenge, different criteria than the accuracy to evaluate the 
method were exploited. Specifically, precision, recall and F1 score are used as measurement for the 
performance of the classifier on the collected data.  

For evaluation purposes, the classifiers were trained in a one-vs-all strategy. This strategy fits a 
classifier for each class, against all other classes. For instance, a separate classifier has been trained 
for inferring frustration against both boredom and engagement classes. A similar approach was 
followed for boredom and engagement. One-vs-all strategy gives an advantage by inspecting each 
class and its corresponding classifier. For the classification, it has been observed that decision tree 
(DT) algorithms such as random forests classifier (RFC) give reasonable results under imbalanced 
data. During the evaluation, it was noticed that other classifiers such as support vector machines 
(SVM) with different kernels tend to over-fit the class with the highest number of data samples, 
resulting in low recall and precision. However, DTs address both categories (since the one-vs-all 
strategy is used) in the splitting rules while creating the trees. For this reason, the results of RFC are 
reported in two validation schemes. RFC fits number of decision tree classifiers on various sub-
samples of data, and use averaging to improve accuracy and control over-fitting. The number of 
estimator (trees) were set to five, and the maximum depth of a tree to be four.  
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Two schemes for data evaluation were followed. The first one divides each class into three partitions 
to perform a three-fold cross validation. In the second scheme leave-one-out cross-validation was 
applied, by dividing the data according to the users where, in each fold,  one users’ data was 
excluded for testing and the rest are used for training. 

Table 2 displays these results. In one-vs-all validation, it can be noticed that the classifier gives good 
results obtaining a recall and precision around 70%. This is a good performance, especially given the 
challenge faced with the imbalance dataset. Although the expectation is that experienced affective 
states and learning experience are person-specific notions, the results indicate the potential of this 
affect recognition system in learning environments based on interaction parameters. The results in 
the second column of Table 2: show the effect of the training sample sizes on the classification task. 
Unlike leave-one-out scheme, in this validation the number of training samples is substantially lower, 
especially for boredom and frustration, adversely affecting the performance of the test, especially 
with relation to precision and F1 score. 

 

Measure Leave-one-out 
3-fold cross 
validation 

Engagement vs 
Non-engagement 

Engagement vs 
Frustration 

Recall 70.1 % 65.1 % 80.4% 81.1% 

Precision 70.1 % 64.7 % 80.9% 82.4% 

F1 score 70.1 % 64.1 % 80.5% 81.5% 

Table 2: Precision, recall and f1-score results obtained by Random Forest Classifier (RFC) using Leave-one-out 
(LOO) and 3K-fold cross validation scheme. The last two columns provide the results based on LOO cross 

validation 

Table 3 presents the confusion matrix of the three states obtained from the leave-one-out cross 
validation. As expected, the accuracy of engagement and frustration is higher comparing to 
boredom. Indeed, most of the users reported engagement or frustration while only 50% of them 
reported the boredom state in their self-assessment. Additionally, this result can be due to the 
following factors: firstly, the boredom state had not very clear and distinguished features comparing 
to the engagement and frustration, secondly the number of sessions labeled by students as boredom 
were relatively low. 

 

States Boredom Engagement Frustration 

Boredom 26.3% 40.3% 33.3% 

Engagement 5.1% 79.4% 15.4% 

Frustration 7.7% 22.7% 70.0% 

Table 3: Confusion matrix obtained with the leave-one-out cross validation. 

 
Engagement vs Non-Engagement Evaluation: A further analysis was applied on the collected data by 
investigating the performance of the classifier when considering two scenarios: engagement versus 
frustration, and engagement versus non-engagement where boredom and frustration sessions were 
assumed to represent the non-flow zone in our model. This evaluation was applied in merely this 
study and was not considered in MaTHiSiS platform. MaTHiSiS APPs provides the full analysis on 
the three states and the classifiers were provided in similar manner as well.  As a result, a binary 
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classifier that outperformed the classification results corresponding to the three states model is 
obtained. 

The fourth and fifth columns of Table 2 provide the results of these two scenarios using leave-one-
out cross validation. In both scenarios, the recall and precision have high values which prove the 
ability of the proposed method to distinguish the state of engagement versus either the frustration 
or the non-engagement. The drawback of this approach is presented by the second step in learning 
automation which is the personalization. Considering a three states model simplifies the process of 
the learning adaptation. However, this step can be achieved by adjusting the level of difficulty using a 
recommendation system based on similar interaction parameters. 

Finally, in order to compare the usability of the framework for different use cases (even though the 
use cases defined in MaTHiSiS context are different), as mentioned in Section 2.1.2, we intentionally 
collected data from two different faculties: engineering and psychology and we conducted the 
results analysis based on their profile and the subjects presented in the game. Initially, Table 4 
presents the distribution of each affective state for the collected sessions, in each subject of the 
game among the students of both faculties. For example, the second column shows the ratio of the 
reported self-assessment in mathematics among engineering students. The table indicates a similar 
distribution of the states among both profiles with relatively higher frustration for the psychology 
students in Math and Geography subjects, while engineering students show more frustration on the 
History and Sports subjects. This is an expected distribution since the developed game has a general 
purpose with small advantages towards engineering students given the provided subjects. 

 

 
Engineering Psychology 

Math. Geogr. Hist. Sport Math. Geogr. Hist. Sport 

Boredom 7.5% 12.5% 13.4% 18.2% 5.4% 10.8% 12.5 17.6 

Engagement 68.8% 58.8% 54.9% 50.6% 67.6% 59.5% 65.6% 52.9% 

Frustration 23.8% 28.7% 31.7% 31.2% 27.0% 29.7% 21.9% 29.4% 

Table 4: Self-assessment ratios among the students in two faculties and for different subjects. 

Then, Table 5 provides the profile based analysis where the results were obtained using the leave-
one-out validation scheme. In this table, each row contains the achieved accuracies for emotion 
detection of the students across subjects. Interestingly, the obtained results for engineering students 
indicate a higher detection of engagement than frustration, while for psychology students, the 
detection accuracy of frustration and engagement among some subjects is relatively higher. Indeed, 
their overall performance in the game shows that they were more interested and did better than 
psychology students, who usually are less attracted to subjects such as Mathematics. This leads to a 
better pattern in the samples of psychology students regarding the frustration. The obtained results 
are promising, showing how the game subjects, challenge level and students’ background contribute 
to the affect recognition task, according to the theory of flow. In future applications, we could use 
this information to establish a weighted system per use cases in order to enhance the performance 
of the method. 

 

 
Engineering Psychology 

Math. Geogr. Hist. Sport Math. Geogr. Hist. Sport 

Boredom 16.7% 30.0% 18.2% 42.9% 0.0% 25.0% 0.0% 33.3% 
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Engagement 83.6% 70.0% 84.4% 79.5% 84.3% 72.7% 76.2% 83.3% 

Frustration 47.4% 60.9% 87.5% 87.5% 70.0% 72.7% 85.7% 80.0% 

Table 5: Emotion detection accuracy per affective state, faculty and subject. 

 

2.1.5 Analysis of DAT phase data 

Similar to sensorial data, the serious game described in Section 2.1.2 was integrated as part of the 
DAT platform for gathering interaction with learning materials modelled with xAPI statements. The 
integration of the game took place in some institutes sessions such as JYCL and EOPPEP.  

In the data from JYCL and EOPPEP, the engagement was the dominant labels that resulted from the 
DAT sessions. Table 6 shows the number of users and the number of recorded sessions. There can be 
different reasons for the high number of engagement sessions, such as: 

1. This can be a result of the type of our learning material which is a gamification application. 
This application is very interactive and proactive game since users need to answer a question 
every few seconds. 

2. The average duration of each session was twenty-six minutes of interaction, which is not a 
long enough period to lead into boredom or even frustration. 

3. In comparison to the posed emotion through video or audio, affect recognition through 
interaction features is a challenging task in regard to getting the ground truth label of the 
data. This is due to the uncertainty in the data labelling process, experienced even by the 
users themselves. 

 

Institute # Users # Sessions Precision Recall 

JYCL (MEC) 5 22 72.7% 72.7% 

EOPPEP (CGDLC) 5 20 79.0% 79.0% 

AV (ITC) 5 20 55.5% 55.5% 

Table 6: Statistics and results of interaction and contextual data 

 

Due to the low number of recorded sessions, and the lack of other labels different than engagement 
(namely, boredom and frustration), data gathered in Maastricht University prior to DAT sessions (as 
described in Section 2.1.2) was utilized for building the classifiers. The obtained results are promising 
showing high precision, higher than 72% for MEC and CGDLC data, which indicates a good detection 
of engagement as reported in DAT data. However, the ITC data shows more modest results, with a 
precision of 55.5%. It is important to note that this model was trained using data from users 
belonging to a different field (namely, university students, instead of primary, career guidance 
students or industrial training learners). In a future version, we expect an improvement of the 
accuracy through the personalized analysis of the data taking into account MaTHiSiS use cases.  

2.2 Interactions with Platform Agent library: implementation for driver pilot 

Due the variety of learning materials in MaTHiSiS, the set of features was modified in the current 
implementation used during the driver pilot phase. The set of features used in that case is defined as 
follows:  

 Relative time of each task: this parameter replaces the time needed to answer used in the 
initial approach. 
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 Average of questions answered correctly / tasks accomplished 

 Average of questions answered incorrectly / tasks accomplished incorrectly 

 Average of questions not covered / tasks not finished on time 

 Average of SLA weights involved in the current activity: this parameter replaces the level of 
difficulty in the previous approach  

One of the changes imposed by the platform is the one regarding the time. As each activity can be 
defined with a different time required to accomplish it, a common representation must be 
established. The time was computed relatively since the frame is not fixed and varies from task to 
task depending on the learning material. Hence, there is a need to compute the time related to the 
task. This relative time is calculated automatically from given sequence of tasks by comparing the 
time-stamp of each segment to the previous one. We initially obtain the duration (time frame) 
needed for a task, by computing the difference between time when it is received, and the previous 
one. Thus, the time needed for the sequence of these tasks is the average time frames. The relative 
time of each task is the time needed to accomplish the task divided by the average time. To that end, 
some information is extracted from the xAPI statements received (for further, see Annex 6.1) and it is 
stored in the database. Firstly, the initial time is stored, using the timestamp provided with the 
initialization xAPI statement. This value is necessary to compute the relative time in subsequent 
tasks. Then, every time and interaction is registered (for example, when the learner answers a 
question) and the time when this interaction is performed is also recorded. This interaction can 
include a score parameter which indicates whether the task was successfully accomplished, skipped 
or failed. The level is computed by taking the average of SLA weights. Since a Learning Action (and its 
corresponding LAM) can be included as part of several SLAs, we estimate the competence of the 
learner in all the SLAs involved as the average of them. 

Table 7 displays an example of the temporary database used to store the interaction information of 
each session and learner. 

 



D4.3 – Affect Understanding in MaTHiSiS 

Contract No.: 687772 

 

Page 19 of 42 

 

Id Learner id Session id Time Initial time Score Level 

424 591abdcfc12d3143ef645238 5922e5cfc12d311b59825fb0  22-5-2017 13:21   

425 591abdcfc12d3143ef645238 5922e6d7c12d311b59825fb1  22-5-2017 13:25   

426 591abdcfc12d3143ef645238 5922e6d7c12d311b59825fb1  22-5-2017 13:28   

427 591abdcfc12d3143ef645238 5922e6d7c12d311b59825fb1 22-5-2017 13:30  0.73 0.175 

428 591abdcfc12d3143ef645238 5922e6d7c12d311b59825fb1  22-5-2017 13:30   

429 591abdcfc12d3143ef645238 5922e6d7c12d311b59825fb1 22-5-2017 13:31  0.43 0.16 

430 591abdcfc12d3143ef645238 5922e6d7c12d311b59825fb1  22-5-2017 13:31   

431 591abdcfc12d3143ef645238 5922e6d7c12d311b59825fb1  22-5-2017 13:37   

432 591abdcfc12d3143ef645238 5922ea4bc12d311b59825fb2  22-5-2017 13:40   

433 591abdcfc12d3143ef645238 5922ea4bc12d311b59825fb2 22-5-2017 13:41  0.20 0.11 

434 591abdcfc12d3143ef645238 5922ea4bc12d311b59825fb2  22-5-2017 13:41   

435 591abdcfc12d3143ef645238 5922ecc7c12d311b59825fb3  22-5-2017 13:51   

436 591abdcfc12d3143ef645238 5922ecc7c12d311b59825fb3 22-5-2017 13:52  0.20 0.1 

437 591abdcfc12d3143ef645238 5922ecc7c12d311b59825fb3  22-5-2017 13:52   

438 591abdcfc12d3143ef645238 5922ecc7c12d311b59825fb3 22-5-2017 13:53  0.83 0.19 

439 591abdcfc12d3143ef645238 5922ecc7c12d311b59825fb3  22-5-2017 13:53   

440 591abdcfc12d3143ef645238 5922ecc7c12d311b59825fb3 22-5-2017 13:54  0.83 0.11 

441 591abdcfc12d3143ef645238 5922ecc7c12d311b59825fb3  22-5-2017 13:55   

Table 7: Example of interaction parameters in real sessions from a concrete learner 
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2.2.1 IPA lib API 

The experiments described previously enabled MaTHiSiS to develop and train an initial version of the 
IPA lib in order to be applied in the assisted pilots phase. This component receives the xAPI 
statements sent by the PAs (through the LMs deployed on them). This communication is established 
through REST calls using JSON. 

The IPA lib implements all the necessary functions for the extraction and analysis of features 
associated to cognitive learner responses while interacting with Platform Agents and Learning 
Materials. This component is also in charge of the pre-analysis of the interaction parameters to 
detect key moments which will lead to the trigger of the adaptation mechanism, the basic validation 
of the xAPI statements received (such as mandatory elements or correct verbs) and the storage of 
the correct statements in the Learning Record Store for further analysis in the multimodal learning 
analytics. 

This component communicates with the AIR lib through a RESTful service (see [12] for further 
information), providing affect-related labels calculated based on interaction parameters. In order to 
infer the affective state of the users, as described in Section 2.1.3, the xAPI statements received are 
analysed and some features are calculated. These features could include learners’ actions (e.g. 
learner interaction with NAOs or learning materials presented in a tablet), challenge levels imposed 
through different use cases, time needed to accomplish a task, complexity of the environment and 
any additional information related to the interactions of learners and the Platform. Inputs will also 
include parameters concerning the results (scores, events, etc.) of the learning actions performed. 
This data must be PA-independent, homogenous across PAs and measurable. 

The format of the input is described in the annex section 6.1.3. After the analysis of the input, the IPA 
lib sends the information to the AIR lib using the following format: 

{   

"affect_label_probs":[   

  [ 

             {Boredom probability}, 

             {Engagement probability}, 

             {Frustration probability} 

  ] 

], 

"affect_labels": [ 

    {Affect label with highest probability}, 

], 

"features": [ 

    [ 

        {Relative time}, 

        {Average of correct answers}, 

        {Average of wrong answers}, 
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        {Average of skipped questions}, 

        {Competence: SLA weights} 

    ], 

], 

"learner_id": {Learner identifier}, 

"sensor_num": "1", 

"sensors_type": [ 

    "IPA" 

], 

"session_id": {Session identifier}, 

"timestamp": {Timestamp of the interaction} 

} 

2.3 Interactions with Platform Agent library: Extension of affect-related 
features 

The following extension to affect related data collection has been proposed. Some studies have been 
conducted where mouse tracking information in conjunction with keyboard presses has been used to 
evaluate user interface behavior data [13]. This behavior data has shown to provide features suitable 
in the modelling of student attention. To this effect, it has been proposed that information from 
these input devices (such as the speed and positions of mouse or keyboard presses) be tracked.  

Using this data, the discrete features shown in Table 8 will be calculated.  

 

Interface Source Feature name 

mouse and keyboard Impulsivity vs Definiteness  

mouse Line discrepancy  

mouse Travel Speed 

mouse Dwell Time 

mouse Dwell Distribution 

Table 8: Proposed additional features from interface data 

The features shown in Table 8 can be described as follows. Impulsivity is defined as the rapid pressing 
of buttons either on the keyboard or mouse. This feature is calculated by measuring the number 
button presses per minute. Definiteness is defined by calculating the quickness of a single button 
press. This is measured by tracking the time the user takes to press a button after they have been 
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given a prompt that requires this type of interaction from them. Line discrepancy is defined as the 
ratio of the total path travelled in relation to the direct travel path. This feature is calculated by 
tracking the distance of length of the mouse travel from one mouse click to the next and calculating 
its ratio to the most direct path between two points. Travel speed is defined as the speed of the 
mouse movement, this can be calculated by tracking the location of the mouse and dividing it by the 
time it took for the mouse to travel that distance. Dwell time is a commonly used feature in assistive 
technology and is calculated by measuring the length of time the mouse has not moved, when the 
user has no movement in their mouse, this is called ‘Dwelling’. And finally, Dwell Distribution is sum 
of the distance between all mouse dwell positions. 

This work is in preliminary stages and is dependent on the source data being available through the 
platform. Outcome of this proposal will be further discussed in the next iteration of this deliverable 
(D4.4 Affect Understanding in MaTHiSiS). 

The extension data and features proposed in here are looked at with a view of interface behavior 
data and treated like a sensory input. For this reason this extension does not change the existing 
library however the data will be used as an equal sensory modality in common place with other 
sensory inputs like the ones presented in Section 3. 
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3. Affect understanding through sensorial components 
Within MaTHiSiS, the population of a dataset for training sensory-input based affect recognition 
modalities was selected, as described in deliverables “D4.1 MaTHiSiS Sensorial Component” 
(description of the Data Acquisition requirements, design, process and Tool) and “D4.2 MaTHiSiS 
Sensorial Component” (analysis of the first dataset gathered). The need for this dataset arose due to 
the particular requirements and behaviours that are expressed within the education-specific domain 
regarding affect recognition, which could not be sufficiently supported by generic public datasets.  

The methodologies developed within MaTHiSiS for sensory-based affect recognition have already 
been trained with and evaluated on public datasets (re deliverables D4.1 and partly D4.2). However, 
what is particularly interesting in MaTHiSiS is the training of the developed algorithms and the 
evaluation of their performance based on the dataset acquired through the Data Acquisition Tool. 
Therefore, after retrieving and analysing all data from the MaTHiSiS piloting sites (re deliverable 
D4.2, section 2), all Sensorial Component modalities were re-trained and tested with the MaTHiSiS 
dataset. The results are reported in this section. 

The data acquired through DAT provide a good first basis for a working version of the education-
oriented sensory-based affect recognition, and a guideline of the algorithms’ performance in this 
particular domain. However, the DAT data collection sessions were merely the beginning of the 
MaTHiSiS dataset population, and the data acquired are still too undersized and thus insufficient for 
taking advantage of the algorithms to their full capacity. Therefore, the results described in the 
following subsections provide a first look of the newly-(re)trained modalities, outlining a positive 
outlook of the education-specific dataset and approach, and are expected to significantly improve 
with the enrichment of the dataset with more data, to be captured in the assisted pilots.  

3.1 Facial expressions analysis  

The graph-based facial expression recognition evaluation was reported in Section 3.1.1 of Deliverable 
4.2, based on mapping basic (Eckmanian) emotions to the three affective states that are used within 
MaTHiSiS, namely engagement, boredom and frustration.   

Meanwhile, another methodology was used as a means of comparison, based on a C3D 
Convolutional Neural Network model [13]. The model was pre-trained on the large action recognition 
Sports1M dataset and further fine-tuned on the EmotiW facial expression dataset [15]. The input 
samples of our model were video volumes of 16 consecutive frames, with 3 colour channels (RGB) 
and spatial dimensions of 112x112 pixels. For all the videos of our database, we used a face detector 
[16], to detect and crop human faces for all the frames that corresponded to labelled temporal 
segments, resizing all of the detected faces to 112x112 pixels. From each video sequence, we 
extracted one sub-video for each temporal segment of the labelled data, containing only the resized 
faces. 

To test our algorithm, we conducted K-fold cross validation with K=5. For each subset of the full 
dataset that was captured by one partner, we had to split it into 5 folds, where each fold contained a 
certain number of subjects, so that our tests were subject-independent. To avoid overfitting on our 
training sets, we chose a maximum of 5 samples per sub-video, picking them with a stride of 8 
frames. We fine-tuned the C3D model on our data for 5 epochs, gradually decreasing the learning 
rate. We reported the best test accuracy for each experiment, and average them over all folds to get 
the final result for each subset. Constructing a confusion matrix based on our results, we compute 
the mean accuracy by summing its diagonal elements and dividing it with the sum of all its elements.  

However, due to the fact that this measure does not express well the generalization ability of our 
models, we also computed the mean class accuracy, by doing exactly the same operations on the 
row-normalized confusion matrix, to achieve uniform distribution of data to all three affective state 
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classes. The results of both measures can be seen in Table 9. The PMLD case was not evaluated as a 
standalone case, since the available annotated data were too few to train the neural network. We 
have combined the ASC and the PMLDC to evaluate the results in the entire spectrum of learners 
with disabilities, and have similarly grouped the ITC and CGDLC as a general category of neurotypical 
adult learners. 

The main problem of the algorithm is the small cardinality in terms of subjects, on the MaTHiSiS 
dataset. As noted in [17], having bigger datasets is crucial when exploiting deep neural networks such 
as CNN for facial expression recognition to achieve the significant gains seen in other domains. Thus, 
should more data recordings be added to the dataset, an accuracy boost would be more possible if 
these data contained more subjects recorded for less time, rather than if they contained less subjects 
recorded for more time. 

 

Table 9: Performance of C3D facial expressions analysis method on the MaTHiSiS dataset 

 

The outlook is a promising performance of the algorithm, which however does not reach the 
accuracy of the graph-based and mapping-based algorithm reported in D4.2. In future experiments, 
both facial expression analysis algorithms will be trained based solely on the MaTHiSiS dataset, as it 
is further enriched with more data from the assisted pilots, and the results will be reported in the 
next iteration of this deliverable.  

3.2 Gaze estimation  

The algorithm proposed for eye gaze estimation was described in detail in D4.2, Section 3.2.2. This 
method was opted finally over the regression CNN approach (D4.2, Section 3.2.1), due to its 
performance. Summarising this algorithm, a two-stream CNN model was adopted, while the 
evaluation of the algorithm was made through calculation of the mean-squared error. In order to 
train the CNN model, the EYEDIAP public dataset was used. The idea is that we could transfer 
learning from EYEDIAP dataset to our dataset, as, at this point, we do not have enough data to 
sufficiently train a CNN model as per the MaTHiSiS dataset alone.  

The EYEDIAP-trained models are used to extract 3D gaze vectors from the MaTHiSiS dataset and then 
those vectors are used to train the SVM classifier with the affect labels.  

The CNN model architecture, as well as the parameters of the model, was selected according to the 
needs of the regression problem we needed to solve. In more detail, the parameters used in order to 
train the CNN model are summarised here: 

Compile parameters:  

 loss parameter: mean squared error 

 optimizer parameter: Adam 

 metrics: mean squared error 

Train parameters: 

 ASC CGDLC ITC MEC PMLDC ASC+PMLDC ITC+CGDLC 

Mean 
accuracy 

(%) 
48.30 62.50 36.61 70.07 N/A 51.59 48.11 

Mean 
class 

accuracy 
(%) 

34.60 39.58 31.40 36.44 N/A 33.07 37.81 
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 epochs: 80 (early stopping patience: 5 epochs) 

 batch size: 64 

 validation split: 0.25 

Loss parameter refers to the equation that we need to optimize; the choice of mean-squared error 
was due to the fact that we are dealing with a regression problem. The “early stopping patience” 
parameter concerns the patience of the algorithm: if the metric does not improve for 5 consecutive 
epochs, then the training stops. The “validation split parameter” defines how much (%) of the 
training data should be used for validation purposes.  

The output of the CNN model is the 3D eye-gaze vector for every frame that contains a subject's 
eyes. In order to decide about the affect state of each subject, we have to assign each eye gaze 
vector that the CNN model outputs, to a label ['Frustration', 'Engagement', 'Boredom']. In order to 
obtain classification results, we employ Support Vector Machines (SVM), using the LIBSVM library 
[18]. 

We have run tests for multiple parameters, fine tuning each SVM model for each special case. The 
cases that we have studied are summarised in the first column of Table 10. The set up for all the 
experiments is summarised here: 

1. Prepare the MaTHiSiS dataset for 5-fold cross validation. The collected data are not yet 
enough for some cases (i.e. PMLD and CGDLC), thus the training and testing subsets used in 
these cases, are not completely independent, in the notion of videos. In more detail, in a few 
cases, some frames of a video were used for training purposes, while some others, of the 
same video, for testing (see last column of Table 10). In the future, when we acquire more 
videos in each case, this will not be an issue. After this procedure, all 5 folds have almost the 
same amount of data, cumulatively, for all three classes.  

2. Moreover, in most cases (especially in people without disabilities) the frames that the 
subjects are engaged are far more than these that they are either bored of frustrated (not 
engaged). This leads to unbalanced creation of classes, which constitutes a problem for 
unbiased SVM classification. To overcome this problem, we followed two different 
approaches, based on the amount of the data available for each case. 

 We have artificially augmented the training subsets, by repeating some of the data 
(namely the data under the frustration and boredom classes for which we had 
significantly more scarce annotations than for engagement), until all classes had 
almost the same number of instances. This took place for ASC, PMLDC, ITC, CGDLC 
and their combinations. Then we have used all of the testing instances to test the 
SVM model. 

 We have used only a part of the training subset in order to train the SVM model, by 
leaving out as much data needed (of the bigger classes) until the remaining classes 
had almost the same size. This was opted for the MEC cases, were annotation was 
relatively ample (as compared to the other cases in this version of the dataset). 
Therefore the voluminous engagement class was reduced to maintain a balanced 
amount of data among this class and the two other classes. 

After this procedure, the final folds have the almost the same amount of data for each class. The 
results are presented in Table 10, and correspond to the results produced using the grid-search 
technique. The success rate was calculated as the mean success of the 5 folds. It is worth mentioning 
that the PMLDC results are unassertive, since the available data were extremely scarce. Therefore, as 
before, a grouping of learners with disabilities and of neurotypical learners was opted. 

The kernel function type used in the SVM was RBF kernel, while the SVM parameters that were 
opted for each case were different and stemmed from experimentation over them, and we ended up 
choosing the parameters which yielded the best results. These consisted of the best c (cost), which 
controls the influence of each individual support vector to the classification and the best g (gamma) 
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which consists of the free parameter of the Gaussian radial basis function (small gamma means a 
Gaussian with a large variance). 

 

Table 10: Performance of two-stream CNN-based gaze estimation method on the MaTHiSiS dataset 

 

Work on improving the results of the classification with the different approaches in the 
parameterization of the SVM classifier is already underway, and training the algorithm based only on 
the MaTHiSiS dataset will be sought after the dataset is further populated in the assisted pilots. 
However, as aforementioned in the previous chapter, given the necessity of ample data to train the 
neural network, it is a given that as the MaTHiSiS dataset gets enriched, the results will also improve. 

3.3 Mobile device-based emotion recognition 

Mobile device-based users’ interaction can help identify emotions that give an insight into the user-
experience involved. Such devices become smarter, through the explicit input by the user, handled 
with complex algorithms. However, implicit and unintentional input, such as the movements of a 
user’s hands or typing speed, are not often analyzed or collected. In MaTHiSiS context, the implicit 
and unintentional input of users’ will be collected and analyzed, expecting to find a relationship 
between the emotive state of users’ and their movements.  

Previous work in the field of affective computing has contributed in forming the methodology 
presented in the paper by Coutrix [19]. In order to identify people’s emotional states, it is common to 
use sensorial data as face and audio. In addition, physiological measures are popular, such as 
electroencephalograms. These methods are often expensive and intrusive making it hard to test the 
emotional state of people at scale. In MaTHiSiS we utilize mobile inertial sensors and describe how to 
extract mobile data which can be analyzed to identify users’ emotional states. Several features from 
the 3D data of accelerometers and gyroscopes will be processed and features in both frequency and 
time domain will be extracted. For example, the acceleration and jerk of the mobile device held by 
the users will be used to classify their emotive. The acceleration and jerk of the device is therefore 
classifying the affective gestures performed by subjects. 

Data Collection 

Due to technical issues, data acquired in DAT sessions were not useful for its analysis. For that 
reason, the consortium has developed an independent data acquisition system which has been using 
at the time this report is being written. At least 30 users will perform the experiments in the 
University of Maastricht. During that tests, users will perform movement related to the three states 
of the theory of flow (boredom, engagement and frustration) while using a mobile device. 
Specifically, users will act or perform some gestures as they do when they are either frustrated or 
bored. In this way, we will be able to collect properly annotated data with the three states under 
study. Each game lasted 30 seconds with a sampling rate of 30Hz. The data will be collected includes 

 ASC CGDLC ITC MEC PMLDC ASC+PMLDC ITC+CGDLC 

Mean accuracy 
(%) 

45.56 47.30 47.12 48.47 82.31 54.74 71.97 
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the position of the phone, in terms of x, y, z units. In addition, they will play the famous 2048 game 
for a pre-established period of time in order to gather 2D data. The game is being accessed in a 
WebView inside an Android application running on a mobile device. The device used for the 
experiments is a Samsung Galaxy A3 (2017) which include a K6DS3TR gyroscope and accelerometer 
by STMicroelectronics.  

Data analysis will be applied on the raw gestures logs from the input of accelerometers, gyroscopes 
and also from the standard Z-Scores for each subject that will participate in the data collection step. 
The feature extraction from these raw data will yield descriptors that are useful for the data analysis 
and emotion recognition. The features can be computed in both time and frequency domains. 
Kinematics calculated and the Fourier transform methods are presented in the time domain and 
frequency domain subsections, respectively. 

Time Domain 

Descriptors were computed for the acceleration and jerk, in the x, y and z directions. Acceleration 
and Jerk are the third and fourth derivative of displacement with respect to time. 

 

Similarly, the 3D vector length was also calculated, for acceleration and jerk. 

 

For each orientation and 3D vector length, the maximum, minimum, mean, median, variance and 
amplitude of these descriptors have been calculated, for both absolute and signed values. These 
were computed on both the raw acceleration and high-pass filtered acceleration. 

 

Frequency Domain 

To identify the periodicity of the signal, the autocorrelation of the signal has been calculated. This is 
done on the change in displacement in all four directions, since they share the same dimension. The 
procedure applied could be described as follows: 

1. Subtraction of the mean from the signal and obtainment of an unbiased signal.  
2. Computation of the Fast Fourier Transform (FFT) of the unbiased signal.  
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3. Computation of the power spectral density (PSD) of the signal, by taking the square norm of 
each value of the FFT of the unbiased signal.  

4. Computation of the inverse Fourier transform of the PSD. 
5. Normalize the inverse Fourier transform of the PSD by the sum of the squares of the 

unbiased signal, and take only half of the resulting vector. 

Analysis of the autocorrelation of the signal can reveal the presence of a periodic signal obscured by 
noise.  

 

Figure 2: Sample of a signal from an inertial sensor (acceleration in X direction) 

 

 

Figure 3: Fast-Fourier Transformation applied to the periodic part of the aforementioned signal 
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Figure 4: Fast-Fourier Transformation applied to the transition part (movement) of the signal 

 

Convolution and Shift 

By the Convolution Theorem, convolution in the time domain is equivalent to multiplication in the 
frequency domain and vice versa. In order to align the signals correctly, the shift of each signal was 
calculated by the Shift Theorem. 

Depending on the signal used, a window may be required. To convolve the signal FFT is applied on it 
and the Impulse Response is recorded. The FFT of the two signals was computed, and convolved in 
the frequency domain. Then, the inverse FFT of the result is executed. It should be noted that circular 
convolution should be avoided. To achieve linear convolution zero padding of signals may be 
required to achieve a signal of length M + N − 1 where M is the input signal length and M is the 
impulse response length. 

 

3.4 Skeleton Motion Analysis 

The proposed algorithm for skeleton motion analysis is Speed Relation Preserving Slow Feature 
Analysis (srpSFA), and is described in detail in [2], Section 3.4.3. In this algorithm the input is skeletal 
data collected through the Kinect v2 cameras. The goal of our algorithm is to preserve the speed in 
the feature space so that if two skeleton nodes have similar speed in the input-space, they should be 
“close” in the new feature-space and is accomplished by minimizing the defined loss function (D4.2, 
Section 3.4.3) under standard SFA oriented constrains such as zero mean, unit variance and 
uncorrelated features for the new node representations. 

The data which were collected during the DAT sessions were stored in a specific format, described in 
deliverable [1] section 4.4.5, so as to be readable for a later post processing step. In each frame of 
the video the subject’s skeleton is captured, which consists of a number of N nodes.  

During the training process, in order to make our data more reliable and therefore improve the 
results, the lower body nodes of the skeleton data were dismissed resulting in a total of 11 skeleton 
nodes. This action was a necessity due to the fact that there were captures conducted on actors 
sitting on a chair, where the lower body was not visible, resulting in noisy skeleton data making them 
not sufficiently reliable. 

The feature vector obtained from the srpSFA algorithm is assigned to a label, indicating the subject’s 
affect state (Frustration, Engagement, Boredom). For this classification process, a Support Vector 
Machine (SVM) model is used in 7 different datasets giving the results shown in Table 11. 
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Table 11: Performance of skeleton motion analysis method on the MaTHiSiS dataset 

 

These results show lower accuracy percentages compared to the results presented in D4.2, Section 
3.4.4 but it is only because of the small dataset available for the algorithm training in relation to the 
ones used in [2], Section 3.4.4. In the use case of PMLDC a higher accuracy percentage is 
accomplished due to the very limited data, and therefore the high similarity between the training 
and the testing dataset. 

However, this performance indicates good initial results for the srpSFA approach since the 
classification accuracy for each use case is above 52%, showing that the algorithm is able to make 
accurate predictions regardless the subjects’ condition. In the future, with more data collected to 
train the algorithm, for all use cases, and further research in the algorithms used, further 
improvement of the performance is expected.  

3.5 Speech recognition and speech-based affect recognition  

For the purpose of audio affect recognition, and within the DAT sessions, 156 audio files were 
collected. The average length was about 6 sec and they consisted of both recited text and real-life 
audio recordings. Each file was annotated as depicting one of the following emotions: sadness, 
neutral, anger, disgust, happiness and fear. 

The algorithms, that have been previously presented in [1] and [2] and have showed adequate 
accuracy when tested in well-known and widely used public datasets, showed significantly poor 
performance in case of the DAT-collected audio data. Upon careful and extended observations on 
the available data, we ended up with the following reasons which need to be considered for the pilot 
sessions: 

 

 The dataset was very small for successfully training a machine learning model to effectively 
categorize emotions into 6 categories (see Table 12). 

 The recordings consisted of recited texts, having the speakers remaining neutral, instead of 
letting them express their true emotion at this time. This led to ineffective conveyance of 
their emotions; such training/testing samples were of no practical use. 

 Tutors annotated based on the emotion of the text that was recited and not based on the 
speaker’s vocal characteristics and behaviour. 

 Real-life recordings were sparse and not always appropriately annotated. 

 Tutors were also speaking during the recordings, thus samples stemmed from more than one 
person. 

 In some cases, the quality of the recordings was poor. 

 

Emotion Number of samples 

Sad 25 

Neutral 20 

 ASC CGDLC ITC MEC PMLDC ASC+PMLDC ITC+CGDLC 

Mean 
accuracy 

(%) 
53.17 67.62 53.75 52.15 77.58 56.89 60.01 
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Happiness 21 

Fear 22 

Disgust 27 

Anger 45 

Table 12: Number of collected samples per emotion 

 
The confusion matrix of the results is depicted in Table 13. The F-1 score is low, equal to 24.7%. 
 

 Sad Neutral Happiness Fear Disgust Anger 

Sad 0 0 0 1 1 20 

Neutral 0 0 0 1 0 21 

Happiness 0 0 0 1 1 19 

Fear 0 0 0 2 0 18 

Disgust 0 2 1 0 0 30 

Anger 0 1 0 0 0 41 

Table 13: Confusion matrix of emotion classification using audio features. 

 
Balancing the dataset or reducing the categories to 3 (i.e., positive, negative and neutral) did not 
produce improved results. 
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4. Conclusion 
This document describes the implementations performed in connection to the affect understanding 
in MaTHiSiS. The implementations include the development of a library, the IPA lib, which allows the 
analysis of interactions, extracting useful information which is applied as interaction parameter to 
infer the affective state of the learners while using MaTHiSiS platform. Furthermore, this library 
implements an API which serves as endpoint for the LMs to send the interactions tracked. 
Additionally, the evaluation of different sensorial component modalities is provided.  

At the time of the submission of this deliverable, all the functionalities described herein are ready to 
be used by the MaTHiSiS platform and relevant code will be available in the GitLab repository of 
MaTHiSiS (more information will be reported in D7.3 MaTHiSiS platform, 2nd release).  

In the next months the following tasks will be accomplished: 

 Validation of the mobile device-based affect recognition sensorial component modalities and 
improvement of algorithms. 

 Integration of additional interaction parameters. 

The results of these activities will be reported in the next version of this deliverable “D4.4 Affect 
understanding in MaTHiSiS” that will be available in September 2018. 
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6. Annexes 

6.1 Tracking of interaction using the Experience API 

The Experience API (xAPI) is a specification with objective to express, store and exchange statements 
about interaction/learning experiences. This specification has two primary parts, the first one focuses 
on the syntax of the data format, while the second part defines the characteristics of “Learning 
Record Stores (LRS)”. LRS serves as data-endpoints that can collect and exchange learning activity 
traces. Experience statements are the core of the xAPI. These statements form activity streams to 
provide trajectory of the learning activities [7]. MaTHiSiS uses this standard to the exchange of 
information related to the interactions of the leaners which can provide useful information about 
their emotional state and performance. 

xAPI is a specification for learning technology that makes it possible to collect data about the wide 
range of experiences a person has. This API captures data in a consistent format about a person or 
group’s activities from many technologies. Very different systems are able to securely communicate 
by capturing and sharing this stream of activities using xAPI’s simple vocabulary.  

The Experience API lets the system capture (big) data on human performance, along with associated 
instructional content or performance context information. xAPI applies human (and machine) 
readable “activity streams” to tracking data and provides sub-APIs to access and store information 
about state and content. This enables nearly dynamic tracking of activities from any platform or 
software system 

6.1.1 Experience API parameters and operation 

The xAPI data format describes an experience statement with the attributes shown in Table 14, 
according to the specifications included in [9]. 

 

Element Description 

Actor 
An identity of the person who perform an action. People often 
have multiple identities e.g. personal and work email, Twitter 
etc. Only one is assigned to the tracked experience.  

Verb The action conducted by the actor. 

Object The subject of the actor’s interaction. This is normally an 
activity, but can also be a person, group or even another 
statement. 

Result 
The outcome of the experience e.g. success, completion, score 
etc.  

Context 
The context of the experience, e.g. the larger learning activity 
this formed a part of, any other related activities, the 
instructor or team, the platform and language used in the 
experience.  

Authority 
The person or group that asserts that an action happened. The 
authority is set by the Learning Record Store based on the 
security credentials used 

Timestamp  When the experience happened; not necessarily when the 
data was stored.  

Attachments  Files attached can be attached to the statement e.g. evidence 
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Element Description 

 of a learning activity.  

Table 14: Elements included in the structure of the xAPI statements 

A concrete format of the statements is not established. Basically, the common elements in xAPI 
statements are actor, verb and object while the rest of them may or may not be used. Moreover, due 
to the “freedoms of the Tin Can API” (xAPI is also named Tin Can API) several different fields can be 
included in a xAPI statement [10].  

xAPI works as follows:  

• When learner interacts with other people, content, and beyond, a statement is 
generated and recorded with the xAPI.  

• If this interaction needs to be recorded, the application sends secure statements in the 
form of “Noun, verb, object” to a Learning Record Store (LRS)  

• Learning Record Stores record all of the statements made. An LRS can share these 
statements with other LRSs.  

6.1.2 Experience API elements in MaTHiSiS 

The set of interactions tracked in MaTHiSiS is composed of three basic elements defined in the 
standard specification (actor, verb and object) and additionally, MaTHiSiS will require two extra 
elements, namely “timestamps” and “context”, in every statement. Moreover, additional 
information could be included, depending on the needs (such as the “result” element). 

IPA component will receive this information and it will create the corresponding outputs. First of all, 
IPA will perform a basic validation of the input received and then it will store the xAPI statement in a 
repository (Learning Record Storage) defined by the consortium. This information will be accessible 
from this repository to be used to perform learning analytics and to calculate the performance index 
to be used as input for personalization (Task 6.2). Moreover, in order to conduct the affect 
understanding through interactions (Task 4.2), the IPA library will calculate a set of affect-related 
features. This feature vector will include information related to scores obtained or time required to 
perform each question. Using these features, the IPA component will infer the affect state of the 
learner and it will send this information to the multimodal fusion component (through the AIR lib) to 
be considered in conjunction with the Sensorial Components (SCs) information.  

6.1.2.1 Basic elements in MaTHiSiS context 

Actor: this element provides the identity of the person (or object) that performs the interaction. The 
supported values are “learner”, “tutor” and “PA”. 

Verb: the verb represents the action taken by the actor. In MaTHiSiS context, this element can take 
the following values: initialized, suspended, resumed, failed, passed, mastered, satisfied, terminated, 
interacted, exited and asked.  

Object: this element represents the subject of the actor’s action. The object allows the 
differentiation between the components of the learning activity. In MaTHiSiS, “interaction” 
represents the whole Learning Action (LA) materialization activity while “question” represents 
individual activities to be performed during this interaction. In some cases, the object can be the PA 
or part of the MaTHiSiS platform such as a Learning Goal (using the TIN CAN term “objective”). 

Context: in order to use some interactions (especially for learning analytics), extra information is 
required. This element will include the personal information such as “learner_id” or “session_id”. 
These parameters can be used to retrieve information about the context of the interaction, the 
learning scenario such as the location of the learner (e.g. classroom, home, etc.), the SLA(s) (Smart 
Learning Atom) involved or the LA in progress. Some extra information could be needed (e.g. the 
Learning Goal reached when the “Learner satisfied an objective” statement is used). An important 
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(and mandatory) filed in this element is “key_moment”. This Boolean field represents if the xAPI 
statement must be considered as a key moment and then, it should be taken into account in order to 
trigger the adaptation mechanism. 

Timestamp: although this element is not mandatory in the xAPI standard, it provides essential 
information in MaTHiSiS’ context. For this reason, this parameter must be included in each xAPI 
statement created and stored. This information allows the system to get an historic of all the actions 
performed and the exact moment when they occurred as well as allowing the calculation of 
important information such as the required time to perform specific activities. The format of this 
field is the system date. 

6.1.2.2 Additional elements 

Apart from the basic elements, some extra information could be needed (depending on specific 
interactions). To that end, the following field can be included as part of the xAPI statements: 

Result: in several xAPI statements a value related to the performance of the learner is included. This 
value must be normalized (i.e. between 0 and 1). In some cases, the result won’t be numeric. In that 
case, the value “1” represents a correct answer while “0” represents a fail. Moreover, this element 
must include the parameter “completion” set as “TRUE” or “FALSE” in order to indicate whether the 
learner finished and interaction or not, respectively. This field is very useful to represent, for 
example, when the time finished before answering a question or if the learner skipped a question. All 
these fields are mandatory as part of this element. Also the time required to accomplish the question 
can be provided, if available, using the “time_needed” field (value in seconds). 

6.1.3 JSON object 

In order to map the interactions mentioned above, IPA must receive all the trackable information 
about them. Depending on the nature of the LM (web-based LM, digital native LM and physical LM), 
different components will provide the needed information to track the interactions. This information 
will be included in a JSON object which will include a common set of parameters. Some of these 
parameters may not be necessary in some interactions (e.g. result information during the 
visualization of a video). In that case, these fields are sent empty. The structure of the JSON object 
used in MaTHiSiS is as follows (mandatory information is marked in bold): 

{ "actor": { "type": "learner", "name": "Codified name", "mbox": "mailto:sally@example.com" 
},  

"verb": { "id": "http://adlnet.gov/expapi/verbs/passed", "display": { "en-US": "passed" } },  

"object": { "id": "http://example.com/activities/find-the-shape", "definition": { "name": { "en-
US": "Find the shape!" }, "activity type": "interaction" } }, 

"context": { "location": "location type id", "learner_id": {"id": "Learner id" }, "session_id": 
{"id": "session id"}, "key_moment": “True/False” }, 

"Result": { "Completion": true, "success": true, "score": { "scaled": (score value), "min": (min 
reachable score), "max": (max reachable score) }, “time_needed”: (number of seconds) }, 

"timestamp": (complete date)} 

An example of a JSON object, sent when a LM was launched, is shown below: 

{   

"actor":{   

  "name":"147", 

  "type":"Learner", 

http://adlnet.gov/expapi/verbs/passed
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  "mbox":"mailto:sally@example.com" 

}, 

"verb":{   

  "display":{   

     "en-US":"initialized" 

  }, 

  "id":"http:\/\/adlnet.gov\/expapi\/verbs\/initialized" 

}, 

"object":{   

  "definition":{   

     "name":{   

        "en-US":"Find the Shape" 

     } 

  }, 

  "id":"http:\/\/example.com\/activities\/find-the-shape", 

  "activity type": "interaction" 

}, 

 

"result":{   

  "completion":"false", 

  "success":"true", 

  "time-needed": 10, 

  "score": { 

             "scaled": 0.8,  

             "min": 0, 

             "max": 1  

   }  

}, 

"context":{   

  "location":"location type id", 

  "learner_id": "{learner_id}", 

  "session_id": "{session_id}", 

  "key_moment": "True/False" 

}, 

"timestamp":"2016-11-14T21:15:30+01:00" 

} 
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Please note that certain elements have been included since they are required by the standard (such as 
the use of an “mbox” element associated to the actor). 

6.1.4 xAPI data model in MaTHiSiS 

As previously highlighted; xAPI is a very extensive specification and a set of pre-defined statements 
has been defined in the context of MaTHiSiS. The statements that have been defined in order to 
track the interactions that could provide useful information about the affective state and 
performance of the learners are shown below: 

1. Tutor/PA initialized an interaction12 

2. Learner suspended an interaction 

3. Learner resumed an interaction 

4. PA3 suspended an interaction 

5. PA3 resumed an interaction 

6. Learner failed an interaction 

7. Learner passed an interaction 

8. Learner mastered an interaction 

9. Learner failed a question2 

10. Learner passed a question 

11. Learner mastered a question 

12. Learner satisfied an objective4 

13. Learner terminated an interaction 

14. PA interacted with the learner5 

15. Learner exited the interaction  

16. Tutor/PA exited the interaction 

17. PA asked a question 

18. PA responded to an interaction 

These statements will be analysed and transformed in features to be used for affect understanding. 
These interactions will help in the analysis of the emotional state to be used with the purpose of 
adapting the learning content (Task 6.2). 

These statements will be also used as part of the Learning Analytics. Moreover, using this 
information, Task 4.3 will calculate a parameter related to the performance of the learner to be 
applied for personalization purposes (in the DSS). 

Other interactions have been considered in order to enrich the affect-related features. Some 
examples are the use mouse and keyboard events (such as position of the mouse, clicks, key pressed, 
etc.) or the monitoring of interactions of the learners with physical materials. Unfortunately, some of 
these interactions may not be appropriate to be mapped in general xAPI statements. In that case, 
complementary components, such as the common API (through the Learning Session API) will assist 
in this regard. Therefore, the feasibility of these interactions in MaTHiSiS context should be studied in 
future versions. 

                                                           
1
 An interaction can be materialized through a digital or physical material 

2
 An interaction contains several questions. A question defines each part of the interaction, even if there is not 

exactly a question (e.g. a drag and drop activity, word-image association, etc.). Is this kind of differentiation 
included in the ontology? If so, we could include this information in a new field (in “context” element). 
3
 This concept is not included in the standard 

4
 “Objective” could be used in order to allude, e.g. to a Learning Goal or the maximum SLA competence 

5
 PA provides some feedback such as sounds, pictures, etc. 
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6.1.5 Mapping of interactions extracted from Deliverable 2.2 

Taking into account the definition of Learning Graphs included in D2.2 [20], the appropriate key 
moments has been mapped with the xAPI statements mentioned in the previous section. It is 
important to highlight that several interactions and key moments will be represented by the same 
statement. This has been the strategy implemented in order to establish statements which are 
generic enough to fit several interactions regardless of the LM utilized (see Figure 5). 

 

Figure 5: Example of different interactions mapped in a common xAPI statement 

 

The following list try to provide representative examples for the interactions defined previously. 
These examples of key moments (extracted from D2.2) could provide useful information to be use for 
affective state analysis: 

1. Tutor/PA initialized an interaction  

This statement represents the initialization of the LAM. This is a mandatory statement in 
after a learning material deployment, at the beginning of the learning loop. This statement is 
the trigger to initiate the performance of affect recognition. It should not be repeated within 
one session, unless the session was terminated or exited. The following list gives example of 
initialization statement included in D2.2:  

 Teacher initializes the system and begins the student's interaction 

 Show pictures in the screen 

 A sound is presented 

 Video of Zebra crossing is displayed 

 Learners are presented information on how to use the data set 

 Learners listen to the explanation of the trainer and/or read a short text about the 

display of features using queries  

 Learners open the attribute table 

2. Learner suspended an interaction 

3. Learner resumed an interaction 

4. PA suspended an interaction 

5. PA resumed an interaction 

These statements inform when a learning material (e.g. a video or a presentation) is 
suspended and subsequently resumed (by the learner or the PA/teacher). 

 Pause the video in the half of its play time 

 [After the “suspended” statement, it is important to send a new statement when the 

learner or the tutor/PA resumes the interaction again (in this example, it is a video) 

6. Learner failed an interaction 

7. Learner passed an interaction 

8. Learner mastered an interaction 
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These statements represent the score of an interaction (score when the learner finalizes a 
complete activity). 

 Learners fill in the quiz. Once finished learners click a button to check their results 

9. Learner failed a question  

10. Learner passed a question 

11. Learner mastered a question 

Analogous to the previous ones, these statements represent the score of each single question 
(or assessable simple activity) 

 Verbal identification of the object 

 Pupil selects this object/picture 

 Pupil relates [a sound] with a topic 

 Student answer verbally with the correct number 

 Student answer with wrong number 

 Learners modify the geometry of a feature as requested by the trainer 

12. Learner satisfied an objective  

The achievement of an objective (e.g. the Learning Goal established or the maximum 
competence in a particular SLA) could provoke a change in the current emotional state of the 
learner 

 Increasingly improved pronunciation 

 [Analogue to the previous statement, a decrease in the competence of the learner 

could reflect the current affective state of the learner] 

13. Learner terminated an interaction 

This statement indicates that the learner successfully ended an activity (e.g. a test, a game 
session or a video). 

 Watching the whole video 

14. PA interacted with the learner  

This statement represents an interaction produce by a PA in order to get the attention of the 
learner or help them in the learning process. For instance, if the learner doesn’t reply a 
question, this event could be an indicative of the emotional state of him/her (boredom) or the 
need of additional support (frustration). 

 The tablet repeats the question 

 The robot repeats the question 

 The platform will display a demonstration in the form of a video 

 The Robot will show its eyes with the green colour when the pupil has a good level of 

visual contact 

15. Learner exited the interaction (is this action allowed in MaTHiSiS?) 

[If the learner exits a specific interaction, this abandonment could express learner’s 
frustration or boredom] 

16. Tutor/PA exited the interaction 

[Analogous to the previous statement, if tutor (or maybe PA) detects a high level of 
frustration or discomfort of the learner, the abandonment of the activity could be used to 
detect this emotional state] 

17. PA asked a question 

This statement doesn’t include relevant information about the affective state of the learner 
but that will be very useful, for instance, to calculate time required to ask concrete questions 
or to achieve an objective. 

 An object appears on screen, the system asks, “What is this object?” 

 The system says, “Pay attention to the sequence and then repeat it.” 
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 Appear different sounds about one topic connected with emotional trait (crying, 

laughs, snarls) 

 Provide instructions about one topic (functional vocabulary). 

18. PA responded an interaction  

A positive or negative feedback has a direct effect in the emotional state of the learners 
(positive/negative reinforcement). This statement represents this kind of interaction between 
PA and learner. 

 The system responds with confirmation, correction or prompting 

 The robot will say to him/her if it is correct/wrong 

 The system responds with congratulation or correction 

 System gives feedback, if the answer is wrong gives the student the correct one 

6.1.6 List of interactions for each kind of LM  

Apart from native applications (games, questionnaires, etc.), MaTHiSiS manages different kind of 
multimedia content (such as videos) and digital material (such as presentations and PDF documents). 
For this material, the same xAPI statements are used to track different interactions. Table 15: 
Example of each kind of interaction considering LMs of different nature shows some examples of 
them. 

Interaction Video 
Document 

(PDF, ppt, etc.) 
Digital app 

1 Open Open Open 

2 Learner pauses it   

3 Learner resumes it   

4 PA pauses it   

5 PA resumes it   

6   Session (interaction) failed 

7 
  Session (interaction) passed 

8   
Session (interaction) mastered 
(maximum score) 

9   
Question (basic interaction) 
failed 

10   
Question (basic interaction) 
passed 

11   
Question (basic interaction) 
mastered (maximum score) 

12 Learner complete 
the objective6 

Learner complete the 
objective 

Learner complete the objective 

                                                           
6
 This statement is related to an objective (learning goal, maximum SLA competence reached, etc.) and could 

be reached through any LAM (Learning Action Materialization) 
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Interaction Video 
Document 

(PDF, ppt, etc.) 
Digital app 

13 Complete 
visualization 

Complete visualization Session terminated 

14 Rewind  

PA sends a feedback to get 
learner’s attention 

PA provide additional 
information to help the learner  

15 Close (before 
finished) 

Close (before finished) Close (before finished) 

16 Close (before 
finished) 

Close (before finished) Close (before finished) 

17   
PA asks a question (basic 
interaction) 

18   
The PA provides a (positive or 
negative) feedback to the 
learner 

Table 15: Example of each kind of interaction considering LMs of different nature 
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