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ABSTRACT 
Lifelong Learning encompasses vast learning opportunities and 
MOOCs are a learning environment that can be up to the 
challenge if current modeling challenges are addressed. Studies 
have shown the importance of modeling the learner for a more 
personal and tailored learning experience in MOOC. 
Furthermore, Open Learner Models have proven their added 
value in facilitating learner's follow-up and course content 
personalization. However, while modeling the learner's 
knowledge is a common practice, modeling the learner's 
psychological state is a relegated concern within the community. 
This is despite the myriad of scientific evidence backing up the 
importance and repercussion of the learner's psychological state 
during and on the learning process.  

Flow is a psychological state characterized by total immersion in 
a task and a state of optimal performance. Programmers often 
refer to it as “being in the zone”. It reliably correlates favorable 
learning metrics, such as motivation and engagement, among 
others. The aim of this paper is to propose a functional and 
technical architecture (comprising a Domain Model, a Flow 
Model, and an Open Learner Model for MOOC in a Lifelong 
Learning context) accounting for the learner's Flow state. This 
work is dedicated to MOOC designers/providers, pedagogical 
engineers, psychology, and education researchers who meet 
difficulties to incorporate and account for the Flow psychological 
state in a MOOC.  
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1 Introduction 
Lifelong Learning (LLL) refers to the systematic and 

purposeful learning happening throughout a person’s life 
involving formal (schools) and informal (work, recreation, 
leisure, social relations, family life) domains [1]. Open Learner 
Models (OLM) aim, just like Learner Models (LM) since their 
original inception [2], to represent each of the learners’ 
knowledge. More specifically, within the learning environment 
(usually a MOOC) they represent the system’s beliefs about the 
learner’s specific characteristics, relevant to the educational 
practice [3]. They also often model learning difficulties and 
misconceptions [23]. LM and OLM differ in that OLM allow 
communicating its contents to the learner (or to any other 
actors) through visualization and/or editing [4]–[7]. They 
employ a vast myriad of techniques, methods and thereof 
variations to achieve this (cf. [7]–[11]). However, most of them 
limit themselves to modelling Knowledge (a.k.a. ‘Domain’) while 
relegating many of the other very important student 
characteristics during the design phase [7]–[12]. This is, while 
characteristics such as ‘learning environment’, ‘learning styles’, 
‘learning preferences’, etc. are an addressed concern within the 
modeling community, very few consider the learners’ mood or 
their psychological state as a relevant, measurable and acting 
aspect to take into account while designing a LM. This 
represents a serious setback for the learner, as the learner’s 
psychological state carries a preponderant weight in the learning 
process [8], [10], [13].  

This motivates us to propose an OLM that accounts for one of 
the learner’s psychological states: Flow. Flow is “a gratifying 
state of deep involvement and absorption that individuals report 
when facing a challenging activity and they perceive adequate 
abilities to cope with it” [14]. The reason behind choosing the 
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Flow state among all other psychological states (shame, 
reproach, distress, joy, pride, admiration, and for some authors, 
motivation and engagement as well [8]) is multifold: it has 
shown to reliably correlate learning-favorable metrics, such as 
motivation, self-efficacy [15], [16], self-regulation [17], [18] or 
goal attainment [19], [20], some of which are also central 
dimensions of any given LM [8]. Moreover, the EduFlow-2 tool 
[15], [21] as a research-tried, self-reporting measuring 
mechanism specifically designed for educational contexts, has 
proven to accurately determine this psychological state in 
MOOC contexts. The advantages presented by the choice of this 
instrument resolve the hurdles and challenges faced when 
modelling Flow: it differentiates the dimensions relevant to 
cognitive processes, it accounts for a decreased respondent 
burden, and it can be applied to different educational contexts, 
all without sacrificing accuracy nor resolution [21]. 

Thus, in this paper we address the problem of including Flow 
state in the OLM. This situation usually arises for a MOOC 
(Massive Online Open Course) in an LLL context. We build up 
our proposal from the OLM literature review presented by [12], 
the Domain Model and Functional architecture in the works of 
[22], and the Generic Bayesian Student Model (GBSM) [23]. 

The paper is structured as follows: Section 2 tackles the 
theoretical background of this study. Section 3 details our 
proposed approach to the addressed problem by presenting the 
functional and technical solutions, including the Domain, Flow 
and Learner Models, and the chosen Flow instrument to model. 
Finally, Section 4 summarizes this paper and presents its future 
work perspectives. 

2 Theoretical Background 
To address the problem addressed in this paper we begin by 

briefly describing the role of MOOC in LLL, then we present 
OLM as a viable solution to modeling the learner in MOOC in an 
LLL context. We then proceed to broadly introduce the Flow 
state and its impact on the learning process.  

As non-formal, informal or incidental learning represent the 
vast majority of adult learning [24], Access to and effective use 
of relevant information and continuously learning in MOOCs 
(among other things) is essential for LLL [22]. However, MOOC 
abandonment rate is very high [12], whereas engagement, 
intention and motivation [25]–[27] are among the top factors to 
affect performance in MOOCs. Research has shown that 
personalization can have a positive effect to decrease MOOC 
abandonment rate [28] at the same time that learner’s 
personalization is one of the essential concepts in LLL [29]. 

2.1 Open Learner Models in LLL 
OLM, just like LM, are to be dynamically updated, and they 

are usually enriched by data collection techniques [30], as 
students learn and build knowledge. They represent the latest 
understanding of the students [5] on a given subject. OLM are a 
type of LM, of whom they share common traits, such as their the 
importance [7], [31] of their added value to facilitate the 
learner’s follow-up and course content personalization. 

According to [32], the use (and design) of predictive LM, allow 
us to have an insight into the nature of the dialogical 
interactions and learning, as each reasoning step can be traced, 
and the misconceptions can be detected. This is opposed to the 
view of a Closed Model, in which the student has no direct view 
of the Model’s contents [6]. Moreover, OLM can be “negotiable” 
[7], [33], when a learner can “appeal” the system’s decisions on 
his/her own LM, as long as satisfactory, valid evidence is 
provided. A negotiable OLM improves the accuracy of the LM 
and supports metacognitive processes of reflection [7]. In a 
MOOC platform, OLM accuracy improves the system 
representation of the learner to allow for a more personal 
learning experience. OLM provide thus the scaffold to represent 
a dynamic complex learner [4], [24]. 

2.2 The Flow State 
The Flow State (a.k.a ‘autotelic experience’ or ‘optimal 

experience’) is a phenomenon that explains why people perform 
activities for the sake of the activity itself, without extrinsic 
rewards [34]. This Flow experience is triggered by a balance 
between a person’s skills in an activity and the challenges 
afforded by the LLL environment. Flow state has been shown to 
promote learning and personal development because deep and 
total concentration experiences are intrinsically rewarding, and 
they motivate students to repeat any given activity at 
progressively higher challenging levels [35]. 

Recently, research on this psychological state has seen a 
considerable growth, potentially due to its positive consequences 
on well-being as well as learning. Studies [36], [37] show that it 
is crucial, if we are to provide customization in any e-learning 
system, to store not only the learner’s characteristics (static and 
dynamic personal information, skills, knowledge, environment, 
goals, etc.) in the OLM, but also to consider, as faithfully as 
possible, the learner’s psychological state, preferences and 
reasoning process to promote positive emotions [8], [11], [38], 
[39]. 

We deem important to consider the Flow state in OLM for 
MOOC in a LLL context because the study of Flow in education 
is often linked to indicators such as motivation, self-efficacy [15], 
[16], self-regulation [17], [18] or goal attainment [19], [20]. 
Given this link, some authors consider the Flow experience as a 
state of ‘Optimal motivation’ [40]. 

3 Proposed approach 
This section presents an overview of our approach grounded 

on the Open Learner Model selection (based on the literature 
review of [12]), the Domain Model and the Functional 
architecture of the proposal (both from the works of [22]), as 
well as the core of our proposal; the Flow Model and its 
corresponding Learner Model (based on the work of [15], [23]). 
We end the section with a reviewed Technical architecture of 
our proposed changes. 
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3.1 Modelling technique for knowledge 
representation 

According to [12], there are nine relevant features an OLM 
within a MOOC learning environment in an LLL context. Such 
features are condensed by the authors into four dimensions, 
which are the basis for their discerning OLM study. Now, for our 
OLM proposal, we chose one of the final four publications 
candidates of this study1  featuring Bayesian representations 
(over Conceptual Graphs). In their current modelled state 
(described in their respective papers), Bayesian representations 
comprise most of the characteristics of Conceptual Graphs 
(relationships and concept hierarchization), plus a knowledge 
representation based on weights which allows for uncertainty 
representation [41], but more importantly, a robust updating 
method. Furthermore, we posit that, a Bayesian representation 
would allow for an effective Flow state representation, which is 
the core of this paper. 

3.2 Functional architecture 
We partake the proposal of [22], compliant with different 

MOOC platform architectures, and accommodate the Flow state 
representation therein. Therefore, we envision four main roles 
instead of three: the pedagogical engineer, the teacher, the 
learner, and the psychological researcher. This is shown in 
Figure 1. The Learning Map (LMAP) editor is a replacement for a 
typical linear course description where content is static. It is 
used by the pedagogical engineer to upload the course content 
and structure as one entity, as the course structure is part of the 
Domain Model (DM). It is also used jointly by the psychological 
researcher and the teacher to define the Flow Model (FM), 
pertaining the Flow instrument and the jointly agreed situations 
in the course structure where to apply it. Thus, the learner gets 
personalized content through a Course navigation plug-in 
(according to the learner’s own OLM, the DM and the newly 
implemented FM). Both teacher and learner have access to the 
OLM through the OLM dashboard where they can visualize the 
learner’s progress and negotiate a modification, if needed.  

 

 
1 We note here that the student’s Psychological state is also a feature considered by 
a few of the other 17 LM proposals in the study. 

Figure 1: Functional architecture 

Next, we proceed to briefly review the Domain Model 
proposed by [22], which we use as a basis for the core elements 
of our proposal; the Flow and Learner Models and its 
corresponding Technical architecture. 

3.3 Domain Model & Flow Model 
The existing Domain Model of [22] comprises three main 

layers on which sets of interconnected and related nodes, 
representing hierarchically subjects (Sn), topics (Tn) and concepts 
(Cn) instantiate any given Knowledge. We reprise it without 
changes. 

Our Flow Model proposal relies on the EduFlow-2 
psychometric instrument developed by [15]. It is a twelve-item 
scale2 purposefully designed with educational scenarios in mind. 
It differentiates four Flow dimensions (FlowD1 – FlowD4), with 
three items per dimension (e.g. FD1a, FD1b and FD1c for FlowD1): 
(1) FlowD1 – Cognitive Control: a strong feeling of control, 
specifically over one’s actions, characterized by a feeling of 
ability to deal with the situation and a feeling that the student 
knows how to deal with whatever comes next (“I feel completely 
in control of my actions”), (2) FlowD2 – Immersion and Time 
Transformation: alteration in the perception of time, sometimes 
leading to a lengthened duration of immersion in the task (“I am 
wholly absorbed in what I am doing”), (3) FlowD3 – Loss of Self-
Consciousness: lack of self-concern related to an increase in 
importance of the psycho-social dimension of learning (“I don’t 
care about what others may think of me”), and (4) FlowD4 – 
Autotelic Experience: well-being provided by the activity itself 
enhances persistence and the desire to engage in the activity 
again (“This activity brings me a sense of well-being”). 

 

 

Figure 2: Layered Structure of our Flow Model proposal 
with the EduFlow-2 instrument 

Our FM proposal relies on the DM (as per [22]) and on the 
current state of the LM: there is one FM for each subject Sr in the 
LM. As such, the FM has no node on the Subject layer. The 
EduFlow-2 instrument sits on the Topic layer, with its four 
composing dimensions (FlowD1, FlowD2, FlowD3 & FlowD4) 
and thereof relationships [21] on the Concept layer. Therefore, 
our FM proposal is represented in Figure 2. 

Now, the choice and use of this instrument carry three main 
advantages (1) It suits Flow measurement in various educational 

 
2  http://refa.univ-lille.fr/news/eduflow2-heutte-fenouillet-martin-krumm-boniwell-
csikszentmihalyi-2016 
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contexts, (2) It is a short instrument (reducing respondent 
cognitive burden) and (3) It highlights the difference between the 
four dimensions of Flow that are related to a cognitive process. 
Additionally, [15] confirmed that the EduFlow-2 tool showed 
significant improvement in all fit indices.  

In the following section we view how the existing DM and 
the newly presented here FM instantiate in our proposed OLM. 

 

Figure 3: Instantiated Layered Structure of the Flow Model 
proposal  

3.4 Open Learner Model 
Our proposal is based on the works of [22], [23], [42]. In this 

section we quickly review critical key points of these studies and 

intercalate them with the changes proper to the development of 
our proposal.  

The OLM, based on the Generic Bayesian Student Model 
(GBSM) [23], [42], is composed of knowledge and evidential -
type variables nodes, in a four-layered structure. In one hand, 
knowledge variables nodes (Kn) represent the students’ 
knowledge (in any form or type), with their values not being 
directly observable. Knowledge variables correspond to nodes 
sitting on any of the three layers of the DM. 

In the other hand, evidential variables (Qn), representing 
students’ actions, are directly observable and they correspond to, 
for example, the results of a questionnaire. The evidential 
variables values will be used to calculate the values of the hidden 
knowledge variables [22]. In the GBSM, knowledge and 
evidential variables are binary, with possible values of 0 
(unknown / incorrect) or 1 (known / correct). Evidential nodes 
sit on the Evaluation layer and are linked through relationships. 
Aggregation relationships occur between knowledge nodes 
(concepts (C), topics (T) and subjects (S)). Causal relationships 
link knowledge (K) and evidential nodes (Q), that is, they link 
concepts and evaluations.  

 

 

Figure 4: Layered Structure of the Learner Model proposal 

Now, in our proposal we posit to treat the learner’s Flow 
state as a set of knowledge variable nodes, distributed on the 
Topic and Concept layers (‘Flow variables’). The results to the 
psychometric tools designed to detect the Flow state (Qn) are on 
the Evaluation layer (‘Evidential variables’) and are causally 
linked to the Flow variables nodes (FDn in the Concept layer). 
The evidential variables correspond to the learner’s results to the 
12-item scale in the EduFlow-2 instrument presented in section 

3.3. This is represented in Figure 3, showcasing the FM as an 
instance of the EduFlow-2 instrument results. 

Now, in Figure 4, the OLM is represented containing subjects 
S1 up to Sr. along with its n topics nodes, p concepts nodes and q 
evaluations nodes (a). As the Flow state depends on the subject 
Sr and on the OLM state, there are as many FM as there are 
subjects (S1 - Sr) in the OLM (b). This is to say that for every 
subject Sr, there will be one FM (b). As the OLM is automatically 
updated to reflect learner’s knowledge (a), its corresponding FM 
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must be updated as well (b). However, this FM update is not 
done in real-time as it requires human intervention (learner 
answering the EduFlow-2 instrument) at pre-set course moments 
(previously determined by the teacher and the psychology 
researcher).  

This dynamic nature of the OLM implies that there will also 
be as many instances of the FM as there are predetermined 
moments to apply the EduFlow-2 instrument in the course, for 
all and every subjects Sr. This is, for any instantiation Sr of the 
OLM, one corresponding instantiation of the FM also exist, at a 
specific moment in time. 

 

Figure 5: Proposed Technical Architecture; Flow Models 
and Interface white-highlighted 

This closes our presentation of our OLM proposal. In the 
following section we introduce the changes carried out in the 
Technical architecture of the original proposal.  

3.5 Technical architecture 
The proposal of [22] relies on three main components, the 

MOOC environment, the Learning Record Store (LRS), and the 
LMAP core. Now, to accommodate the Learner’s Flow state in 
the OLM we propose to extend the LMAP core with a Flow 
Models (FM) Database, bidirectionally linked to a FM Interface 
and unidirectionally feeding the existing Selector. Data is 
collected from the different learning services and platforms via 
xAPI 3  (Experience Application Performing Interface) and 
transferred to the LMAP core via the LRS. It is the LMAP core’s 

 
3 https://xapi.com/overview/ 

task to store and update the DM, FM, and OLM. Inside the LMAP 
core, the Learner Model Updater (LMU) updates the OLM based 
on data collected by the LRS. The Selector chooses personalized 
content from the DM and the newly added Flow Model, 
according to the current OLM, communicating to the Course 
Navigation module data accounting for the learner’s Flow state 
and thus, providing the Learner with a personalized, Flow state 
accounted access to content. 

Access to the Models is provided separately by the DM 
Interface, the OLM Interface, and the newly added FM Interface. 
Akin to the original proposal, the OLM interface enables 
achievement updates, and access. The interactions with the 
learner and the teacher are done through the OLM Dashboard 
within the MOOC. The DM Interface enables Domain Models 
creation, modification, and deletion. The FM Interface enables 
Flow Models creation, modification, and deletion as well. Both 
FM and DM Interfaces are defined for the DM editor within the 
MOOC. This is represented in Figure 5 (additions from the 
original paper highlighted in white). 

The use of the proven DM and OLM for our proposal allow 
accounting for the Learner’s Flow state and thus, provides the 
Learner with a personalized, psychologically state-accounted 
access to content. Flow being a psychological state positively 
correlated to engagement, motivation, self-efficacy, goal 
attainment, self-regulation, and immersion in the task at hand, in 
educational contexts. 

4 Conclusion and perspectives 
This study approaches the issue of including the Flow state in 

OLM for MOOC in an LLL context. It addresses how to model 
the Flow state, what instrument to use to represent it in the OLM 
and what mechanisms to consider in order to access, update, 
store, visualize and edit the Flow Model to be used for learners’ 
content personalization. It does so by extending and proposing a 
functional and technical architecture that accounts for the Flow 
psychological state to improve content personalization for 
learners in a MOOC in an LLL context. 

Future work will aim to evaluate the accuracy of our proposal 
first on an ad-hoc created MOOC hosted by the University of 
Lille about Basic Python Programming4 and second, on a French-
spoken, international MOOC 5  about Project Management. 
Further research is planned to include additional instruments 
[43] to model the Flow state to improve the accuracy of the 
Model as well as envisioning to incorporate digital student traces 
(system logs) as Evidential variables to set course to an 
automatic, trace-based Flow modeling.  

ACKNOWLEDGMENTS 
This project was supported by the French government through 
the Programme Investissement d’Avenir (I–SITE ULNE / ANR–
16–IDEX–0004 ULNE) managed by the Agence Nationale de la 
Recherche.  

 
4 https://moodle.univ-lille.fr/course/view.php?id=13223 
5 https://moocgdp.gestiondeprojet.pm/ 

Session 6: HAAPIE 2020: 5th International Workshop  
on Human Aspects in Adaptive and Personalized Interactive Environments UMAP ’20 Adjunct, July 14–17, 2020, Genoa, Italy

309

https://moodle.univ-lille.fr/course/view.php?id=13223
https://moocgdp.gestiondeprojet.pm/


REFERENCES 
[1] A. J. Cropley, “Some guidelines for the reform of school curricula in the 

perspective of lifelong education,” Int Rev Educ, vol. 24, no. 1, pp. 21–33, Mar. 
1978, doi: 10.1007/BF00615288. 

[2] J. R. Carbonell, “AI in CAI: An Artificial-Intelligence Approach to Computer-
Assisted Instruction,” IEEE Transactions on Man-Machine Systems, vol. 11, no. 
4, pp. 190–202, Dec. 1970, doi: 10.1109/TMMS.1970.299942. 

[3] L. Giannandrea and M. Sansoni, “A literature review on intelligent tutoring 
systems and on student profiling,” Learning & Teaching with Media & 
Technology, vol. 287, pp. 287–294, 2013. 

[4] S. Bull and J. Kay, “Open learner models,” in Advances in intelligent tutoring 
systems, Springer, 2010, pp. 301–322. 

[5] S. Bull, “Supporting learning with open learner models,” Jan. 2004. 
[6] S. Tanimoto, “Dimensions of transparency in open learner models,” in 12th 

International Conference on Artificial Intelligence in Education, 2005, pp. 100–
106. 

[7] R. Bodily et al., “Open learner models and learning analytics dashboards: a 
systematic review,” in Proceedings of the 8th International Conference on 
Learning Analytics and Knowledge, Sydney, New South Wales, Australia, Mar. 
2018, pp. 41–50, doi: 10.1145/3170358.3170409. 

[8] A. Abyaa, M. Khalidi Idrissi, and S. Bennani, “Learner modelling: systematic 
review of the literature from the last 5 years,” Education Tech Research Dev, 
vol. 67, no. 5, pp. 1105–1143, Oct. 2019, doi: 10.1007/s11423-018-09644-1. 

[9] S. Bull and J. Kay, Student models that invite the learner in: The SMILI open 
learner modelling framework. Citeseer, 2006. 

[10] N. Medina-Medina and L. García-Cabrera, “A taxonomy for user models in 
adaptive systems: special considerations for learning environments,” The 
Knowledge Engineering Review, vol. 31, no. 2, pp. 124–141, Mar. 2016, doi: 
10.1017/S0269888916000035. 

[11] S. Sergis and D. Sampson, “An Analysis of Open Learner Models for 
Supporting Learning Analytics,” in Learning Technologies for Transforming 
Large-Scale Teaching, Learning, and Assessment, Springer, 2019, pp. 155–190. 

[12] S. Ramírez Luelmo, N. El Mawas, and J. Heutte, “A literature review on 
Learner Models for MOOC to support Lifelong Learning,” in Conference on 
Computer Supported Education (CSEdu), Prague, Czech Republic, May 2020. 

[13] A. Efklides, Feelings and emotions in the learning process. Elsevier, 2005. 
[14] European Flow Researchers Network, “What is Flow ?,” European Flow 

Researchers Network, 2014. https://efrn.webs.com/ (accessed Apr. 06, 2020). 
[15] J. Heutte, F. Fenouillet, C. Martin-Krumm, I. Boniwell, and M. 

Csikszentmihalyi, “Proposal for a conceptual evolution of the flow in 
education (EduFlow) model,” 2016, [Online]. Available: https://hal.laas.fr/UR2-
HB/hal-01470857. 

[16] M. Salanova, A. B. Bakker, and S. Llorens, “Flow at work: Evidence for an 
upward spiral of personal and organizational resources,” Journal of Happiness 
studies, vol. 7, no. 1, pp. 1–22, 2006. 

[17] A. Bandura, “Social foundations of thought and action,” Englewood Cliffs, NJ, 
vol. 1986, 1986. 

[18] L.-X. Chen and C.-T. Sun, “Self-regulation influence on game play flow state,” 
Computers in Human Behavior, vol. 54, pp. 341–350, 2016. 

[19] D. A. Leontiev, Motivation, consciousness and self-regulation. Nova Science 
Publishers, 2012. 

[20] F. Rheinberg and S. Engeser, “Intrinsic Motivation and Flow,” in Motivation 
and Action, J. Heckhausen and H. Heckhausen, Eds. Cham: Springer 
International Publishing, 2018, pp. 579–622. 

[21] J. Heutte, F. Fenouillet, J. Kaplan, C. Martin-Krumm, and R. Bachelet, “The 
EduFlow model: A contribution toward the study of optimal learning 
environments,” in Flow experience, Springer, 2016, pp. 127–143. 

[22] N. El Mawas, J.-M. Gilliot, S. Garlatti, R. Euler, and S. Pascual, “Towards 
personalized content in massive open online courses,” 2018. 

[23] E. Millán, L. Descalço, G. Castillo, P. Oliveira, and S. Diogo, “Using Bayesian 
networks to improve knowledge assessment,” Computers & Education, vol. 60, 
no. 1, pp. 436–447, Jan. 2013, doi: 10.1016/j.compedu.2012.06.012. 

 
 
 
 
 
 
 
 
 
 
 

[24] N. El Mawas et al., “Towards a Self-Regulated Learning in a Lifelong Learning 
Perspective,” in CSEDU 2017 : 9th International Conference on Computer 
Supported Education - Special Session Lifelong Learning, Porto, Portugal, Apr. 
2017, vol. 1, pp. 661–670, doi: 10.5220/0006387506610670. 

[25] Y. Jung and J. Lee, “Learning Engagement and Persistence in Massive Open 
Online Courses (MOOCS),” Computers & Education, vol. 122, pp. 9–22, Jul. 
2018, doi: 10.1016/j.compedu.2018.02.013. 

[26] Y. Wang and R. Baker, “Grit and Intention: Why Do Learners Complete 
MOOCs?,” The International Review of Research in Open and Distributed 
Learning, vol. 19, no. 3, Jul. 2018, doi: 10.19173/irrodl.v19i3.3393. 

[27] A. Watted and M. Barak, “Motivating factors of MOOC completers: 
Comparing between university-affiliated students and general participants,” 
The Internet and Higher Education, vol. 37, pp. 11–20, Apr. 2018, doi: 
10.1016/j.iheduc.2017.12.001. 

[28] N. El Mawas, J.-M. Gilliot, S. Garlatti, R. Euler, and S. Pascual, “As One Size 
Doesn’t Fit All, Personalized Massive Open Online Courses Are Required,” in 
Computer Supported Education, Cham, 2019, pp. 470–488, doi: 10.1007/978-3-
030-21151-6_22. 

[29] P. Sloep et al., “A European research agenda for lifelong learning,” 2008. 
[30] L. Nguyen, P. Do, and C. Fröschl, “Learner Model in Adaptive Learning,” Nov. 

2008. 
[31] A. T. Corbett, J. R. Anderson, and A. T. O’Brien, Student modeling in the ACT 

programming tutor. Chapter 2 in Nichols, PD, Chipman, SF and Brennan, RL 
(eds.)(1995). Cognitively diagnostic assessment. Lawrence Erlbaum Associates: 
Hillsdale, NJ, 1995. 

[32] A. Johnson and N. Taatgen, “CHAPTER 25 : User Modeling,” 2003. 
[33] S. Bull and H. Pain, “ Did I Say What I Think I Said, and Do You Agree with 

Me?”: Inspecting and Questioning the Student Model. University of 
Edinburgh, Department of Artificial Intelligence, 1995. 

[34] M. Csikszentmihalyi, Beyond Boredom and Anxiety: the Notion of Flow in 
Work and Play. San Francisco: Jossey Press, 1975. 

[35] M. Csikszentmihalyi, S. Abuhamdeh, and J. Nakamura, Flow. Handbook of 
competence and motivation. AJ Elliot and CS Dweck, eds. Guilford Publications, 
2005. 

[36] S. Gauch, M. Speretta, A. Chandramouli, and A. Micarelli, “User Profiles for 
Personalized Information Access,” in The Adaptive Web: Methods and Strategies 
of Web Personalization, P. Brusilovsky, A. Kobsa, and W. Nejdl, Eds. Berlin, 
Heidelberg: Springer, 2007, pp. 54–89. 

[37] M. C. Murray and J. Pérez, “Informing and Performing: A Study Comparing 
Adaptive Learning to Traditional Learning,” Informing Science: The 
International Journal of an Emerging Transdiscipline, vol. 18, pp. 111–125, Aug. 
2015. 

[38] O. Zine, A. Derouich, and A. Talbi, “IMS Compliant Ontological Learner 
Model for Adaptive E-Learning Environments,” International Journal of 
Emerging Technologies in Learning (iJET), vol. 14, no. 16, pp. 97–119, Aug. 
2019. 

[39] S. D’Mello, N. Blanchard, R. Baker, J. Ocumpaugh, and K. Brawner, “Affect-
sensitive instructional strategies,” Design Recommendations for Intelligent 
Tutoring Systems: Volume 2-Instructional Management, vol. 2, no. 35, 2014. 

[40] J. Heutte, “L’environnement optimal d’apprentissage : contribution de la 
recherche empirique sur les déterminants psychologiques de l’expérience 
positive subjective aux sciences de l’éducation et de la formation des adultes,” 
Sciences & Bonheur, no. 2, pp. 82–99, Sep. 2017. 

[41] E. Millán, T. Loboda, and J. L. Pérez-de-la-Cruz, “Bayesian networks for 
student model engineering,” Computers & Education, vol. 55, no. 4, pp. 1663–
1683, Dec. 2010, doi: 10.1016/j.compedu.2010.07.010. 

[42] N. El Mawas and J. Heutte, “A Flow Measurement Instrument to Test the 
Students’ Motivation in a Computer Science Course,” in CSEDU, 2019, doi: 
10.5220/0007771504950505. 

[43] M. Csikszentmihalyi and I. S. Csikszentmihalyi, Optimal experience:  
Psychological studies of flow in consciousness. New York,  NY,  US: Cambridge 
University Press, 1988. 

 

Session 6: HAAPIE 2020: 5th International Workshop  
on Human Aspects in Adaptive and Personalized Interactive Environments UMAP ’20 Adjunct, July 14–17, 2020, Genoa, Italy

310




