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Executive summary 

This deliverable (D3.3) reports on the activities under Task T3.3 (Development of a Reference 

Learner Profile). Task 3.3 acts as an interface between WP3 and WP5 and addresses the 

modeling of the learner's profile in diverse educational scenarios, using information about the 

learner’s knowledge state and cognitive characteristics, actions and practices, their 

behaviour and their competencies. The reference learner profile refers to the blueprint or the 

conceptual architecture of the learner model designed in the context of the augMENTOR 

project.  

To develop the augMENTOR reference learner profile, we combined a top-down and 

bottom-up approach: combining learning and pedagogical theories, and data-driven 

research on quantitative indicators for modeling learning, affect, and transversal skills. Having 

this reference learner model as a guiding framework, the augMENTOR solution will be able to 

establish and retrieve dynamic learner profiles to support different contexts and diverse 

learner needs.  

The implementation, evaluation and cross-validation of the reference learner profile using 

quantitative methods will be carried out and further reported in the respective deliverables 

of the work packages WP5 and WP6.   
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1 Introduction 

1.1 Scope and objectives of the deliverable 

This deliverable describes the activities carried out in T3.3 with the objective of developing 

the augMENTOR reference learner profile, a dedicated model that aims to provide dynamic 

information and assessments regarding learners’ states. Thus, from here on, we refer to the 

augMENTOR reference learner profile as the augMENTOR learner model or the augMENTOR 

LM. The main objectives of this deliverable are: 

1. to “provide the theoretical grounding upon which the foreseen augMENTOR solution 

will be based and assessed” while including information “about a learner’s 

knowledge, actions, competencies, practices, behaviour, alternative collaboration 

modes, and cognitive characteristics” (see Chapter 3: The augMENTOR Learner 

Model) 

2. to “design quantitative indicators for modeling knowledge, mastery, affect, 

collaborative and social skills and retrieve reference profiles from data which can be 

mapped or grounded using the proposed pedagogical framework” (see Chapter 4: 

Operationalization of the augMENTOR LM). 

 

1.2 Target audiences and relation to other tasks and deliverables 

This deliverable D3.3 targets stakeholders involved or affected by the augMENTOR LM and its 

design process. This includes project partners involved in WP3 - “Pedagogical Framework for 

Emerging Technologies,” WP4 - “Critical Thinking and Creativity,” WP5 - “AI-boosted Blended 

Learning Platform,” and WP6 - “Use Case Deployment, Operation, Validation, and 

Assessment.” The output of D3.3 is expected to serve as input for the tasks of WP5 and WP6. 

We foresee the need for cross-validation and evaluation of the work carried out under T3.3 

during the pilot phase of the project. Therefore, we aim to potentially consider a refined 

version of the augMENTOR LM and UDE will follow up with an evaluation in deliverable D5.2 

(“The AI-boosted augMENTOR platform”). 

 

1.3 Terminology 

Here, we provide definitions for key terms used in this deliverable to establish a common 

understanding. 

Personalized Learning: While the definition of personalization varies [1], one commonly 

referenced definition was provided in 2010 by the US Department of Education, which 

defined personalization as “instruction that is paced to learning needs, tailored to learning 

preferences, and tailored to the specific interests of different learners” [2]. 

Learner Model (also called Student Model): A Learner Model (LM) is an abstract 

representation of the learner’s cognitive and non-cognitive characteristics, which is 

maintained by an adaptive system [3;37]. An LM is central to personalized learning. 
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Learner characteristics: Learner characteristics (LCs) are variables in an LM, such as learner 

traits, preferences, and abilities, that can potentially explain the variance in learning 

outcomes [6]. 

Indicators: Indicators are directly observable and quantifiable constructs that affect learner 

characteristics. Indicators are processed information which permits the study of the learning 

process [7]. 
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2 Methods 

Figure 1 depicts the methodological process followed in T3.3 for the design of the 

augMENTOR LM. Following a top-down approach, we elicited requirements for the 

augMENTOR LM from, a) the project’s scope (see section 0); b) the augMENTOR stakeholders, 

as delivered in D2.1 (see section 2.1.2); and, c) the state-of-the-art as depicted by a meta-

review of recent literature on LMs (see section 2.1.3). Based on the requirements analysis and 

following the framework of Bernacki et al. [1] (see section 2.2), we delivered the 

conceptualized augMENTOR LM (Chapter 3), which was then enriched, following a bottom-

up approach, with indicators deriving from established studies and from data labels provided 

from T 5.1 (Chapter 4). 

 

 

Figure 1. Methodological process for T3.3 

 

2.1 Requirements elicitation 

An overview of all the requirements is presented in Table 1 below. 

Table 1. The impact of augMENTOR on the identified target groups 

Requirement 

ID 
Short description 

Project Scope 

PS1 The LM must be domain-agnostic. 

PS2 The LM should avoid the use of multimodal data from sensors. 

PS3 
The LM should refrain from or, at least, not depend solely on "self-report 

methods" or "survey methods" where possible. 
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Stakeholder Analysis 

SA1 The LM should ensure continued engagement and learning post-course 

SA2 The LM should prioritize inclusivity and accessibility 

SA3 The LM should personalize learning and provide adaptive feedback 

SA4 The LM should monitor and nurture student motivation and engagement 

SA5 
The LM should enhance formative assessment and understanding of learner 

profiles.  

Meta-review 

MR1 
The LM should have a robust theoretical foundation for selecting LCs, allowing for 

the extraction of actionable insights regarding the learner. 

MR2 The LM should rely on evidence-based indicators to accurately represent the LCs 

 

2.1.1 Requirements elicitation via project scope 

The scope of the project presupposes a set of requirements that should be considered in the 

design of the augMENTOR LM. These requirements are stated below: 

[PS1]: The LM must be domain-agnostic. 

The augMENTOR project addresses four diverse sets of pilots. The LM, therefore, should be 

sufficiently generalizable to be implemented in the context of all current pilots and 

accommodate the needs of future ones.  

[PS2]: The LM should avoid the use of multimodal data from sensors. 

The augMENTOR project’s scope is limited to traditional desktop-based learning environment 

data, such as the data collected from Learning Management Systems (LMS). Consequently, 

intrusive sensors, which are challenging to deploy on a large scale [8], should be avoided. 

[PS3]: The LM should refrain or, at least, not depend solely on "self-report methods" or "survey 

methods" where possible. 

The collection of learner data using manual methods, such as surveys, can be monotonous 

and prone to error over time. Such methods also disrupt the learning process, decreasing 

motivation and requiring substantial time to complete [9]. Therefore, the augMENTOR LM 

should primarily rely on automated data mining approaches to the extent possible. 

 

2.1.2 Requirements elicitation via stakeholder analysis 

Five (5) thematic requirements for the augMENTOR LM in T3.3 were elicited in D2.1 and are 

briefly outlined below. 

[SA1]: Ensuring continued engagement and learning post-course: 

The LM must account for the engagement and learning even after the course has 

concluded. To keep students engaged in the learning activities in the post-course phase, the 

LM must actively encourage and prompt students to continue learning. 
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[SA2]: Prioritizing inclusivity and accessibility: 

The LM must accommodate diverse, encompassing learner requirements and provide 

equitable learning experiences for all. Thus, the LM must deviate away from a “one-size-fits-

all” tendency and emphasize the learners' individual characteristics in the design.  

 

[SA3]: Personalized learning and adaptive feedback: 

The LM must provide actionable insights on the learning process such that actionable 

feedback can be derived from them. 

 

[SA4]: Monitoring and nurturing student motivation and engagement: 

As motivation and engagement are essential drivers of learning, the LM must facilitate their 

monitoring and nurturing.  

 

[SA5]: Enhancing formative assessment and understanding of learner profiles: 

The LM must be dynamic to support formative assessment of learners' progress. In the context 

of educational scenarios as prescribed by the micro-level of the augMENTOR pedagogical 

framework (see D3.1), it is indispensable to monitor learners' cognitive states to facilitate the 

selection and deployment of instructional strategies that address their individual needs and 

foster high-level competencies such as transversal skills 

 

2.1.3 Requirements elicitation via meta-review 

We conducted a meta-review of existing literature reviews on learner modeling published in 

recent years (2019-2023). We selected six (6) publications which we considered relevant 

[10,11,8,1,12, and 13] and synthesized their findings, briefly presented in Annex I - Meta-review 

findings. In agreement with the considerations of the state-of-the-art, we formulated the 

following requirement deriving from the literature: 

[MR1]: the augMENTOR LM should have a robust theoretical foundation for the selection of 

LCs, such that actionable insights regarding the learner can be extracted. 

[MR2]: the augMENTOR LM should rely on evidence-based indicators to accurately represent 

the LCs. 

 

2.2 Conceptual design methodology 

The augMENTOR LM design adopts the framework proposed by Bernacki et al. [1] in its design 

process (see Figure 2). This holistic framework supports the personalization of learning 

environments. It defines LMs as a collection of contextually meaningful theory-driven LCs that 

must be monitored to incorporate personalization into the learning environment. The authors 

of the framework urge to select LCs based on learning theory and consider how the selected 
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LCs may impact or inform the adaptation of the learning environment. In the context of 

augMENTOR, such adaptations could be, for example, the visualization of activity metrics or 

recommendations provided via the user interface. 

 

 

Figure 2. LM design framework [1] 

 

As a high-level top-down framework, it does not dictate how to select and implement 

indicators for LCs. It can be argued that their emphasis on the relationship between LCs and 

the learning environment (as seen in Figure 2) approach insinuates an evidence-informed 

selection of indicators for each LC, as recommended by Abyaa et al. [13]. Despite the lack 

of evidence in this context [8], we have, to the fullest extent of our capabilities, relied on 

evidence from established research studies to define indicators for LCs in the augMENTOR 

LM. In a latter bottom-up approach (see Chapter 4), these indicators are populated with the 

data available from the digital learning environment that facilitates the activity, specifically 

those used by the augMENTOR pilots. 
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3 The augMENTOR Learner Model 

As stated in the section 2.2, the augMENTOR LM adopts the framework proposed by Bernacki 

et al. [1]. The framework prescribes a theory-driven design of an LM, that is, a theory-driven 

selection of LCs. Nevertheless, the selection of theory itself is dictated by the Learning 

Objectives (LOs) at hand. In the case of augMENTOR and considering the requirements 

drawn in section 2.1, we outline a generic but fundamental LO to guide the design of the 

augMENTOR LM. 

[LO1]: The learner must be able to recall relevant information which is a priori for all higher-

order skills such as critical thinking, creativity, etc [14]. 

The augMENTOR LM must be able to quantify learning so that the learning environment can 

proactively “predict” learning success and intervene when necessary. In addition, the 

augMENTOR LM must also monitor learners’ motivation to continuously engage in the 

learning tasks, which is necessary for information retention and recall. 

LO1 demonstrates the critical role of two high-level domains of learning: the cognitive 

domain and the affective domain. Figure 3 below is an overview of the augMENTOR LM. In 

the following, we outline the design of the augMENTOR LM in accordance with these two 

domains. Additionally, we touch upon the aspects of transversal skills in the augMENTOR LM. 
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Figure 3. The augMENTOR LM Overview
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3.1 The cognitive domain 

Kirschner, Sweller, and Clark [15] defined “cognitive learning” as the lasting change in long-

term memory." Learning occurs because of the assimilation of new information or 

manipulation of existing knowledge in long-term memory, such that it results in enhanced 

recall of information. The Multi-store Model of Memory (MuMoMe) describes how information 

is processed through various memory types before it is stored in long-term memory. We 

adopted the MuMoMe as a theoretical foundation [according to meta-review requirement 

MR1, project scope requirement PS1] to guide the selection of the LCs in the cognitive 

domain of augMENTOR LM. The selected LCs monitor the learner's cognitive states to support 

the educators in better informing the design of educational scenarios [according to 

stakeholder analysis requirement SA3, SA5]. A brief account of the MuMoMe is provided in 

Annex II - A conceptual overview of the augMENTOR Learner Model. 

 

3.1.1 Learner characteristics in the cognitive domain 

The following sections list the selected LCs grounded on the MuMoMe and their respective 

evidence-based indicators that we encountered in the literature. These LCs (highlighted in 

orange) are presented in Figure 4. We first identified LCs that are meaningful in terms of 

information storage in long-term memory, i.e., cognitive learning. Second, we identified 

indicators corresponding to the LCs based on evidence found in the literature. In the 

following, the LCs and their indicators are illustrated according to the critical processes in the 

MuMoMe. We would like to remark here that an indicator in this context is a description of 

expected data and not the data itself. Specific data fields are addressed in the section 4.1 

(Mapping indicators with Moodle data). In addition, where relevant, we also highlight the 

relationships between various LCs throughout the augMENTOR LM. An extended discussion 

on the selected LCs and the related literature is presented in Annex II - A conceptual 

overview of the augMENTOR Learner Model. 

 

 

Figure 4. The cognitive domain and its’ learner characteristics 
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Attention: According to the MuMoMe, paying attention to the incoming information 

facilitates the transfer of the information from the sensory memory to the short-term memory. 

The augMENTOR LM utilises the Signal Detection Theory [16], according to which sustained 

attention can be measured in terms of the correctness of the response and the time taken 

to respond. For example, a delayed response may indicate that the learner is not familiar 

with the learning material or is not entirely focused on the learning activity. 

Encoding: Incoming information undergoes encoding in the working memory, which results 

in the storage of processed information in the long-term memory. According to the Cognitive 

Load Theory (CLT) [17], the encoding process imposes “Cognitive Load” (CL) on the working 

memory. However, cognitive overload can impede learning, thereby underscoring the 

importance of monitoring CL in the augMENTOR LM. Evidence in regard to the non-sensor-

based indicators of CL is sparse as most studies measuring CL often tend to use subjective 

methods [18], such as the single-item numerical scale by Paas et al. [19]. As this instrument by 

Paas et al. [19] only contains a single item, it fits within the project scope requirement (PS3) 

we defined in section 2.1 (Requirements Elicitation). We propose using the Experience 

Sampling Method by Hektner et al. [20], in which the item will be administered every time a 

learner is engaged in the learning activity over time. The CL trace generated over time is 

significantly associated with the perceived CL of the learner [21]. 

Prior Knowledge: The most common method of personalization was to provide an adaptive 

experience based on learners’ prior knowledge [1], and it is a significant indicator of learning 

[1,22]. Prior Knowledge is also vital to support learning in the micro-level educational 

scenarios defined in the augMENTOR pedagogical framework (see D3.1). To assess prior 

knowledge, a knowledge test can be administered at the start to initialise the learners’ Prior 

Knowledge (as done by Ferreira Da Rocha et al., [23]), after which it is updated based on 

the student's performance in tests and quizzes, which are quintessential components of every 

learning experience.  

Retrieval: The information, once stored in the long-term memory, is prone to forgetting. 

Therefore, in the long term, it is crucial to monitor if the learners are still able to successfully 

retrieve specific information from long-term memory. Successful retrieval of information from 

long-term memory is a prerequisite for higher-order learning processes such as the transfer of 

knowledge and transversal skills [14]. Retrieval practice can be implemented as a function 

of learners' performance in retrieval tests or quizzes (see Testing-trace in Figure 3). Such tests 

are prompted to students based on how long ago the student last visited the concept, i.e., 

forgetting and spacing, and other related concepts studied, i.e., interleaving. Such prompts 

also ensure continued engagement and learning post-course. (see stakeholder analysis 

requirement SA1) 
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3.2 Learner characteristics in the affective domain 

Fariani et al. [10] recommended exploring the affective domain in LMs after they found no 

studies discussing affective aspects, such as emotions and motivation, in their review. The 

affective domain of learning emphasizes the role of emotional engagement in shaping 

cognitive processes. A multitude of researchers acknowledge that emotions directly affect 

memory [24, 25, 26]. Similarly, other affective factors, such as motivation and engagement, 

have been regarded as some of the strongest predictors of learning [27, 28]. Thus, the 

augMENTOR LM aims to include an affective dimension in its core design [see stakeholder 

analysis requirements SA1, SA4]. 

 

3.2.1 Learner characteristics in the affective domain 

We emphasize the affective domain (see Figure 5) in augMENTOR by modelling “Motivation” 

and “Engagement” in the augMENTOR LM [see stakeholder analysis requirement SA1, SA4].  

An extended discussion and the related literature are presented in Annex II - A conceptual 

overview of the augMENTOR Learner Model. 

Specifically, we perceive motivation as a significant driver of engagement in learning [29] 

and, thus, as a mediating factor for engagement. Motivated and engaged learners achieve 

superior learning [30].  

The “Engage Taxonomy” by Cristea et al. [31] provides metrics for measurable engagement 

in MOOCs based on the “Self-determination theory (SDT)” [32]. Therefore, it is well suited for 

our objectives in augMENTOR to account for modeling of both affective and social factors, 

as the SDT studies motivation at a social level.  

 

 

Figure 5. The affective domain and its LCs 
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3.3 Transversal skills 

In the context of the augMENTOR LM, we propose the modelling of transversal skill - and in 

particular, Communication, Critical Thinking, Collaboration, and Creativity (4Cs)- separately 

from cognitive and affective aspects (see Figure 3). As established in WP4 “Critical Thinking 

and Creativity”, the transversal skills we address in augMENTOR, are evaluated primarily with 

the use of rubrics (will be reported in D4.3: “Methods and tools for the enhancement and 

assessment of 21st-century competencies”), due to a lack of validated frameworks that 

relate data-driven approaches to the assessment of Communication, Critical Thinking, and 

Creativity [4] (also see D4.1, “Creative Pedagogy in the augMENTOR solution”). However, 

substantial work has been carried out regarding the automatic assessment of Collaboration 

[33,34] - as part of research in the area of Computer-Supported Collaborative Learning 

(CSCL). However, these works do not explicitly relate collaboration with cognitive or affective 

domains of learning. We acknowledge these research gaps in augMENTOR LM (see Figure 6) 

and have taken them into account for the operationalization of the Collaboration in the 

augMENTOR LM. More specifically, we model collaboration based on two core constructs, 

i.e., collaborative cognitive load theory and collaborative transactive discourse. We further 

elaborate on these constructs and other transversal skills in Annex II - A conceptual overview 

of the augMENTOR Learner Model. 

 

 

Figure 6. The transversal skills domain and its LCs 
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4 Operationalization of the augMENTOR LM 

To operationalize the augMENTOR LM, we followed a bottom-up approach that emphasizes 

the data-driven aspects of modelling learning and ensures that the scalability considerations 

and technical feasibility are maintained. To that end, we referred to the database schema 

from T5.1 (see Database schema for augMENTOR [71]), which collects all the potential data 

fields from the augMENTOR chosen LMS (for example, Moodle) and mapped them 

according to the indicators accompanying the LCs, as presented in Chapter 3. To enable 

common understanding, we made explicit use of data headers listed in T5.1 where available 

(here seen in italics). We want to note that the augMENTOR LM proposes “informed” 

indicators or methods to calculate these indicators when evidence is lacking, or the data is 

missing from the schema of T5.1. 

4.1 Mapping indicators with learning platform data 

In the following, we list a non-exhaustive set of indicators for each LCs and describe their 

contribution to the measure of LCs, according to the augMENTOR LM. 

 

4.1.1 The cognitive domain 

Attention: To measure sustained attention, a single knowledge test or quiz is administered 

during the learning activity and relevant data are collected in the [mdl_quiz] category. The 

learners must respond to the quiz within the [mdl_quiz, timelimit], and only one attempt is 

allowed. The time taken to respond is calculated as the difference of [mdl_quiz_attempts, 

timestart, timefinish]. The correctness of the answer is reflected in the grade.  

Encoding: Encoding is measured using the Cognitive Load Theory (CLT) questionnaire 

[mdl_survey, mdl_questions]. The survey item pertains to the learning activity within a course 

[mdl_survey, id, course]. The learners’ response to the survey [mdl_answers, answer1] is used 

to temporally map the learners’ cognitive load. 

Prior Knowledge: Prior knowledge can be measured using a pre-knowledge test, using data 

collected from [mdl_quiz, mdl_quiz_attempts, mdl_quiz_feedback]. However, as stated in 

Chapter 3, the granularity and, consequently, the method for modelling prior knowledge 

depends on the context of the application. For example, prior knowledge, in theory, can be 

simply represented by the history of learning activities undertaken, or it can also be 

represented by topic modelling [mdl_mindmap, mdl_forum_discussions, mdl_forum_posts], 

etc. 

Retrieval: Retrieval is measured by modeling the forgetting and the testing effect. To measure 

retrieval, recurring knowledge tests or quiz is administered and relevant data are collected 

in the [mdl_quiz, mdl_quiz_attempts, mdl_quiz_grades] category. Forgetting is modelled for 

each quiz and course the learner undertakes, based on the date [mdl_quiz, id, name], 

[mdl_quiz_attempts, timefinish] the quiz was last revisited. After each consecutive revisit, if the 

learner’s performance [mdl_quiz_attempts, sumgrades] is satisfactory, the administration of 

the quiz the next time should be extended with a longer duration. On the other hand, if the 
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learner’s [mdl_quiz_attempts, sumgrades] are not satisfactory despite the number of allowed 

re-attempts, the prior knowledge of the learner should be updated accordingly. 

4.1.2 The affective domain 

Motivation and engagement are measured using the Engage Taxonomy, which also 

provides validated indicators for modeling Autonomy, Relatedness and Competence. While 

those indicators are primarily extracted from MOOCs and focused on online collaboration, 

most LMS platforms provide similar collaborative features.  

Autonomy can be modelled using the number of unique learning activities [mdl_h5pactivity] 

undertaken per week, the number of attempts to answer a quiz [mdl_quiz_attempts, 

uniqueid], number of parent posts in a discussion [mdl_forum_posts, userid, parent], number 

of replies to parent posts [mdl_forum_posts, userid, parent] and their polarity (postive, neutral, 

negetive) which can be extracted by sentiment analysis, and the replies made to original 

posts under a discussion [mdl_forum_posts, parent, userid]. 

Competence can be modelled using the number of correct and incorrect answers 

[mdl_quiz_attempts, sumgrades] to a quiz, the number of replies to a parent post 

[mdl_forum_posts, userid, parent], and the number of positive replies posted and received 

[mdl_forum_posts, userid, parent]. 

Relatedness can be modelled using the number of parent post in a discussion 

[mdl_forum_posts, userid, parent] and their polarities (postive, neutral, negetive), number of 

replies posted and received to a parent post [mdl_forum_posts, userid, parent] and their 

polarities. 

 

4.1.3 The transversal skills 

As aforementioned, skills such as creativity, communication and critical thinking will be 

evaluated in augMENTOR with the use of rubrics (D4.1, “Creative Pedagogy in the 

augMENTOR solution Interim”, D4.3: “Methods and tools for the enhancement and 

assessment of 21st-century competencies”). However, the modular and flexible nature of the 

augMENTOR LM allows the integration of data-driven assessments if and when automatic 

methods for assessing such skills are available, they can be related to cognitive or affective 

aspects of learning. 

As a proof of concept, we model collaboration in terms of the cognitive load as described 

in section 4.1.2. Additionally, we model transactive discourse in terms of the number of parent 

posts in a collaboration discussion board and the number of replies to parent posts 

[mdl_forum_posts, user-id, parent]. Forward looking, one could argue for advanced Natural 

Language Processing (NLP) methods, such as keyword extraction from the textual input in 

the posts, and its corresponding replies, to measure the similarity between them. This should 

provide an estimate of the link between ideas which is vital during the collaborative process. 
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4.2 The augMENTOR LM interaction loop 

Below, we briefly outline a core interaction loop of the augMENTOR LM in the form of an 

activity diagram. Figure 7 below highlights a series of events that a learner undertakes from 

logging into the LMS and logging out. The figure depicts the active nature of the LM, which 

prompts the learner to respond to various survey-based data collection while others are 

collected in a stealth manner. Immediately after the learner logs into the LMS and starts to 

engage with the learning activity, they are prompted to answer a question selected by the 

retention test module. If the response is incorrect, the LM updates the prior knowledge 

accordingly and provides the correct answer. The learner engages with the learning task 

during which items from experience sampling are prompted accordingly. Finally, when the 

learner is finished, they will undertake a test corresponding to the learning object. 

 

 

Figure 7. The augMENTOR LM activity diagram 
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5 Refinement and finalization of the augMENTOR LM 

5.1 Formative evaluation of the augMENTOR LM 

The augMENTOR LM is in the conceptual design and prototypical phase. Therefore, our 

concern was to evaluate its theoretical soundness, which we define as the notion that theory 

is strongly constructed and well-reasoned. Additionally, we aimed to ensure that the 

augMENTOR LM aligns with the pedagogical dimension of the project.  

To do so, we followed a qualitative approach: we developed a questionnaire with Likert 

items. The questionnaire also contained space for open-text remarks below each of the items 

and at the bottom for overall remarks. To evaluate the augMENTOR LM, we invited two 

experts (augMENTOR partners) with extensive experience in theoretical research and 

learning science to explore the augMENTOR LM. In the first phase, the experts reviewed the 

questionnaire itself. The designer of the augMENTOR LM, and the questionnaire explained 

each of the items in the questionnaire to the experts. Their feedback was immediately 

adopted. Then the experts were given a walkthrough of the augMENTOR LM. During the 

walkthrough, the experts had the opportunity to ask questions. Then, we shared a copy of 

the questionnaire with the experts and asked them to fill it out. The experts returned their filled-

in questionnaire, and the evaluation ended. 

 

5.2 Findings from the formative evaluation 

In the Table 2 below, we provide the ratings for each item provided by the experts. Then, we 

collectively discuss some of the highlights from the experts' open-text remarks. 

 

Table 2. Experts’ evaluation of the augMENTOR LM 

Item

no. 
Items Rating 1-5 

General Expert 1 Expert 2 

G1 

The LM potentially contributes to educational teaching 

practices. 
*It can be used meaningfully to facilitate hybrid education. 

5 4 

G2 

The LM provides actionable insights into the learner's learning 

process. 
*It is not a black box, and its features can be meaningfully interpreted to generate 

feedback. 

5 4 

G3 
The LM is an original contribution compared to other LMs. 
*in regard to research, design, approach, etc. 

4 5 

G4 
The LM can be generalised to other contexts. 
*It is not bound to a specific domain or context 

4 5 

G5 The LM is complete, and all relevant aspects are covered.  4 
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*It is sufficiently self-sustaining, and no critical features are missing in its design 

Theoretical soundness Expert 1 Expert 2 

T1 
The constructs in the LM are clearly defined. 
*All keywords and concepts have been defined concretely 

4 5 

T2 

The underlying theories and principles are meaningful & 

clearly articulated 
*The theories used by the LM are sufficiently elaborated 

4 5 

T3 
The LM aligns with existing theories. 
*The design of the LM adheres to the theoretical assumptions 

4 5 

T4 
The assumptions of the LM are clear and consistent. 
*If the LM has made other independent assumptions (i.e. not inherited from theories) 

they have been articulated clearly 

3 5 

T5 
The relationships between different components of the LM 

are clearly articulated. 
3 5 

T6 

The LM provides the simplest explanation of the learning 

process. 
*The components in the LM are meaningful and not redundant and serve a purpose 

4 4 

T7 

The LM is logically consistent, i.e., there are no logical 

fallacies that render the model erroneous 
*For example, if two components are contraries and negate each other, etc. 

 5 

 

Regarding the General items from G1-G5, the experts were content across the items and in 

agreement. The experts positively remarked on the unique approach via which the 

augMENTOR LM manages attention. However, they also remarked on the absence of 

transversal skills in the LM. We addressed this by extending the LM with a collaborative branch, 

as seen in the section 3.1.1. 

Regarding theoretical soundness, the experts rated most of the items as above average, 

except T4 & 5. T4 & T5 are more concerned with the documentation of the LM, which we 

have tried to improve. Similarly, one of the experts remarked on T1 and raised concerns 

regarding the concepts of the LM being potentially difficult for a non-theoretical person. 

While we have made efforts to simplify their description in the text, T1 is more concerned with 

reducing ambiguity in the way the latent constructs are instantiated.  

In the overall remarks section, the experts provided two suggestions. The first suggested a 

closer integration with the LMS data schema proposed by T5.1, which we have extensively 

made efforts to comply with in the section 4.1. The second suggested simplification of the 

instantiation of the cognitive load theory. After much further consideration, we obliged by 

removing references to mental load and self-efficacy and simply measuring the perceived 

mental effort of the learner. 
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6 Limitations of the augMENTOR LM 

We acknowledge that there are several limitations in the design of the LM that are either 

inherent due to the project’s scope or derive from the methodological approach we 

followed.  

Regarding limitations inherent to the project’s scope: Multimodal data and sensor-based 

mechanisms are becoming increasingly common in learner modelling due to their accuracy 

[5] and advancements in machine learning and deep learning techniques. The augMENTOR 

LM is tethered to the traditional desktop use case, which limits the integration sensors for 

modeling the affective dimension LCs, such as emotion which has been often ignored in the 

learner modelling literature [11]. At the same time, sensor-free approaches using recent 

advancements in AI to infer learners' cognitive and affective states are promising [8] and are 

worth consideration for their scalability in education. Similarly, the augMENTOR LM serves the 

needs of diverse pilots and is, therefore, domain-agnostically designed. This also limits the 

model from making content-specific inferences and, consequently, is unable to provide 

content-related feedback. 

Regarding limitations deriving from the methodological approach: The augMENTOR LM 

adopts a top-down theory-driven approach to modelling. The selection of theories itself is 

driven by the requirements of the project. However, we also inherit the limitations of such 

theories themselves in our LMs. For example, the MuMoMe does not sufficiently explain why 

some information is learnt and retained better than others [35]. Baddeley’s [36] working 

memory model and Craik and Lockhart’s [35] depth of processing model extends MuMoMe, 

thus addressing some of its limitations, but their implications for learner modelling remain 

unclear. 

Similarly, the Engage Taxonomy was originally developed for MOOCs. Consequently, the 

indicators provided by Cristea et al. [31] were also extracted from MOOC literature. Despite 

our educated efforts to map the indicators from MOOC with indicators from LMS in 

augMENTOR, these mappings are untested. Such “best” educated guesses cannot be 

unearthed until the model is empirically tested. The model, parts of it or in its entirety is set to 

be tested in the context of D5.2 and D6.2 
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7 Conclusion 

D3.3 details the contribution of activities undertaken in T3.3, WP3. The goal of T3.3 is to design 

a state-of-the-art reference learner model (LM), which we termed “The AugMENTOR Learner 

Model” (augMENTOR LM). The requirements for the augMENTOR LM were elicited via 

stakeholder analysis in D2.1, the projects’ scope, and the meta-review of the latest literature. 

From the plethora of LM design frameworks, we adopted the design methodology from 

Bernacki et al. [1] to guide the design of the augMENTOR LM.  

In the top-down approach, we first constructed a theoretical/conceptual LM. The LM 

primarily models the cognitive and affective domains but also touches upon the transversal 

skills. The selection of the Learner Characteristics (LCs) in the cognitive domain was guided 

by the Multi-store Model of Memory, which addresses four primary learner characteristics: 

attention, encoding, prior knowledge, and retention. These LCs may be further broken down 

into sub-constructs based on the theoretical definitions, where necessary. Similarly, the 

affective domain was modelled primarily with motivation and engagement as the core LCs. 

Both these LCs were modelled using the Engage Taxonomy by Cristea et al. [31]. We also 

ventured into the transversal skill domain by proposing a model for collaboration using the 

collaborative cognitive load theory.  

During the bottom-up approach, we mapped the indicators extracted from the literature to 

the data commonly available in learning platforms. This was achieved in collaboration with 

the work conducted under T5.1. Each of the LCs was documented along with the indicators 

used in the original study. The indicators were then abstracted to map to data so that a 

unique definition of that particular indicator could be extracted. Finally, we mapped the LM 

with the data from the learning platforms using the extracted definition.  

We conducted a qualitative evaluation of the augMENTOR LM with pedagogy experts. To 

guide the evaluation, we co-designed an instrument in the form of a questionnaire together 

with the experts. We followed-up with a focus group during which two experts provided 

several suggestions [see section 0], all of which were implemented in the LM presented in 

D3.3.   

Following D3.3, the augMENTOR LM will be used as input for WP5 to inform and guide the 

implementation of the augMENTOR platform and in WP6 where it will be deployed in the 

upcoming pilot studies. Data collected from these pilots will allow us to validate and test the 

augMENTOR LM empirically. This evaluation will be reported in D5.2.   
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Annex I - Meta-review findings 

We conducted a meta-review of existing literature reviews on learner modelling published in 

recent years (2019-2023). We selected six [6] recent publications which we considered 

relevant [10, 11, 8, 1, 12, and 13] and followed up to synthesizing their findings. Based on this 

analysis of the state-of-the-art, we formulated the following requirements for the augMENTOR 

LM. 

The recent literature review conducted by Farani et al. [10] noted that only a few LM studies 

report the use of learning theories, a sentiment echoed by [Bernacki et al. [1] & Abyaa et. al. 

[13]. Furthermore, various studies investigated by Farani et al. [10] and Bernacki et al., [1] 

investigated by Farani et al. [10] and Bernacki et al. [1] only vaguely addressed their 

theoretical foundation by using umbrella keywords, such as “constructivism”. Selecting LCs 

based on learning theories is crucial to learning success [12, 37] but is often only a 

recommended approach [38]. Farani et al. [10] postulated that the lack of explicit mention 

of learning theories in LMs may be due to the assumption that learning is a complex process 

and often constitutes a multitude of theories in any instance. In contrast, Bernacki et al. [1] 

argued that such assumptions undermine the ability to produce unequivocal evidence of 

the LM design choices on learner outcomes. Bernacki et al. [1], in their personalization 

framework termed “Theory of change”, propose a top-down approach to select LCs based 

on theoretical considerations. Selection of LCs based on theory and evidence [13] can 

simplify – to some extent – the complexity associated with determining which LCs to model. 

LM designers often face this challenge due to the plethora of LCs available to them [11]. At 

the same time, Ochukut et al. [11] & Rahman et al. [8] report that the LMs they reviewed 

often used only a single LC as the basis for personalization, which risks oversimplification of 

the complex nature of the learning process. For example, recommending students to redo 

the learning activity based on their grades (LC) without considering the role of other factors, 

such as prior knowledge (LC), only frustrates them further. Therefore, Ochukut et al. [11] & 

Rahman et al. [8] advocate for the utilization of more than one LC in making all 

personalization decisions,  

Despite the consensus among researchers advocating theory-driven designs of LMs, there is 

little evidence to inform the selection of LCs and their respective indicators [8, 11, 10,13]. The 

lack of a priori conceptualization of an LM based on learning theories limits the investigation 

of the LCs, which in turn exacerbates this scarcity of evidence [1]. 
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Annex II - A conceptual overview of the augMENTOR Learner 

Model 

Multi-store Model of Memory 

The MuMoMe by Atkinson and Shiffrin [39] provides a cognitive framework to explain the 

storage of information in long-term memory (see Figure below). According to the MuMoMe, 

human cognition is composed mainly of three groups of memory, namely sensory memory, 

short-term memory, and long-term memory. In the sensory memory, incoming information 

from external stimuli is briefly stored. Attended information passes on to the short-term 

memory, or working memory, when learners engage with it. Consequently, Attention is an 

essential LCs that must be modelled within the MuMoMe framework. Information in short-term 

memory can be maintained as long as it is rehearsed and undergoes encoding, a process 

for storing of information into the long-term memory. The efficacy of the encoding process is 

influenced by the Prior knowledge of the learner. Information stored in long-term memory is 

susceptible to Forgetting due to insufficient retrieval-practice. In the following, we elaborate 

further on how and which LCs, and their corresponding indicators, were selected under the 

assumptions of MuMoMe and evidence from the literature. 

 

 

Figure: Multi-store Model of Memory [39] 

 

Learner characteristics in the cognitive domain 

Attention 

According to the MuMoMe, sensory input from the environment first arrives at the sensory 

memory. Sensory memory continuously receives new information, but a substantial portion is 

lost if it is not attended to. Paying attention to the incoming information facilitates the transfer 

of the information from the sensory memory to the short-term memory. Therefore, attention 

plays a significant role in the cognitive learning process. 

However, prolonged processes such as learning demand “Sustained attention” from learners. 

Sustained attention refers to the ability to become engaged in and maintain engagement 

in a task or activity over an extended period of time [41]. The Sustained attention is critical to 

most everyday tasks with real world implications that impact academic outcomes [42]. To 

monitor sustained attention in learners, we adopt the sustained attention measurement 

model from Hwu [16]. This model utilises the Signal Detection Theory, which transforms 

learners’ responses to learning materials into detectable signals that can indicate their 
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sustained attention. Learners are required to respond to the questions correctly within a 

predetermined time frame. According to the Signal Detection Theory, sustained attention 

can be measured in terms of the correctness of the response and the time taken to respond. 

For example, the delayed response may indicate that the learner is not familiar with the 

learning material or is not fully focused on the learning activity. 

 

Encoding 

Attended information is forwarded to short-term/working memory while the unattended 

information in the sensory memory is discarded. This incoming information undergoes 

encoding in the working memory which results in the storage of processed information in the 

long-term memory. According to the Cognitive Load Theory (CLT) [17], the encoding process 

imposes “Cognitive Load” (CL) on the working memory, which is limited by the amount of 

information, and by the duration for which it can hold those information. However, cognitive 

overload can impede learning, thereby underscoring the importance of monitoring CL in the 

augMENTOR LM.  

Perceived CL is measured in lab-setting with methods such as the dual-task methodology 

[43] or subjectively with Likert scale responses [44]. We observed, in our meta-review, that the 

majority of the studies did not model CL as an LC of their LM, except a handful of studies 

which model working memory capacity [46,47]. While CL and working memory capacity are 

closely related, there is insufficient evidence to support that working memory capacity is 

malleable [45]. At the same time, evidence in regards to the non-sensor-based indicators of 

CL are sparse as most studies measuring CL often tend to use subjective methods [18] such 

as the single item numerical scale by Paas et al. [19] As this instrument by Paas et al. [19] only 

contains a single item, it fits within the scope of the project we defined in section 2.1 

[Requirements Elicitation]. We will use the Experience Sampling Method, in which the item will 

be administered every time a learner is engaged in the learning activity. The CL trace 

generated overtime is more significantly associated with perceived CL by the learners [21]. 

 

Prior Knowledge 

The most common method of personalization was to provide an adaptive experience based 

on learners’ prior knowledge [1]. Prior Knowledge is considered as one of the most important 

LC [47] and is a significant indicator of learning [1,22]. Cognitive learning is facilitated when 

learners possess a meaningful cognitive framework, i.e. prior knowledge, that allows new 

information to be organized, assimilated, and subsumed in learners' schemata [Subsumption 

theory, 70]. Furthermore, Prior knowledge also plays a significant role in determining the 

learners' perceived CL [46].  

The method and the granularity of Prior knowledge representation are influenced by the 

contextual objectives of the LM. However, Bittermann et al. [47] note an increasing use of 

Item-response theory for prior knowledge elicitation in their review of prior knowledge. A 

knowledge test can be administered at the start to initialise the learners’ Prior Knowledge (as 
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done by Ferreira Da Rocha et al., [23]), after which it is updated based on the students' 

performance in tests and quizzes. 

 

Retrieval 

The information, once stored in the long-term memory, is prone to Forgetting. Ebbinghaus, in 

what he termed the ‘forgetting curve’ [48], modelled how information is lost over time from 

long-term memory unless the learner undergoes retrieval-practice. Therefore, in the long 

term, it is crucial to monitor if the learners are still able to successfully retrieve specific 

information from long-term memory. Retrieval-practice can be implemented as a function 

of learners’ performance in tests or quizzes which are quintessential components of every 

learning experience.  

Retrieval-practice, other than to monitor forgetting, also acts as recall re-inforcement 

[Retrieval-practice effect [49]). Testing inhibits forgetting and improves learning outcomes 

[50], especially when it is ‘spaced’ [51] & ‘interleaved’ [52], in comparison to massed 

Retrieval-practice done repeatedly within a short time-frame [53]. Spaced-practice, i.e., with 

progressive delays between practice sessions, and interleaved practice, i.e. alternating 

topics between practice sessions, impose higher CL but result in deeper processing of 

information leading to longer retention of information, efficient recall, and transfer of learning 

[54]. Davis et al., [55] implemented spaced and interleaved retrieval-practice via testing, 

based on the learners’ prior knowledge and learning trace, in which a suitable test item was 

selected from a list of test items. 

These four aforementioned LCs derived from the MuMoMe together enable the augMENTOR 

LM to monitor cognitive learning and provide actionable insights. For example, in the event 

of the failure to perform satisfactorily in the test administered immediately after exposure to 

the learning activity, the augMENTOR LM allows insights into the learners' prior knowledge or 

the CL experienced for further investigation. Additionally, rather than merely monitoring the 

learner, the LM also prompts the learner to engage in the learning activity. This is useful to 

monitor and foster learning beyond the initial exposure to the learning activity. 

 

Learner characteristics in the affective domain  

Fariani et al., [10] recommended emphasising the affective domain in LMs after they found 

no studies discussing affective aspects, such as emotions and motivation, in their review. The 

affective domain of learning emphasises the role of emotional engagement in shaping 

cognitive processes. A multitude of researchers acknowledges that emotions directly affect 

memory [24, 25, 26]. Similarly, other affective factors such as motivation and engagement 

have been regarded as some of the strongest predictors of learning [27, 28]. Therefore, the 

augMENTOR LM also boasts an affective dimension in its core LM design. 

Motivation and Engagement 

We emphasise the affective domain in augMENTOR by modeling “Motivation” and 

“Engagement” in our LM. Motivation is the process whereby goal-directed activities are 
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instigated and sustained [56] and has been found to be a major driver of engagement in 

learning [29]. Motivated and engaged learners achieve superior learning [30]. Although, the 

consensus on the importance of engagement for learning has been well established, 

researchers have yet to agree on the different dimensions of Engagement [57, 58, 59]. This is 

evident in the ambiguity in the literature regarding the operationalisation of Engagement 

[60] and the difficulty of measuring it [61].  

The “Engage Taxonomy” by Cristea et al., [31] provides metrics for measurable engagement 

in MOOCs based on the “Self-determination theory (SDT)” [32]. Therefore, it is well suited for 

our objectives in augMENTOR to account for modeling of both affective and social factors, 

as the SDT studies motivation at a social level. The Enagage Taxonomy assumes that satisfying 

the three innate psychological needs, i.e. Autonomy, Relatedness and Competence, 

promotes motivation which inturn promotes engagement with the learning activity. 

Competence reflects the desire to engage with the learning environment to experience 

mastery. Autonomy pertains to the need to feel in control of one’s own behaviors and goals, 

while relatedness refers to the sense of belonging to a community and connectedness to 

others. The Engage Taxomony provides specific measures for these three psychological 

needs which are useful for generating actionable insights. The Engage Taxonomy also 

provides validated selection of evidence-based indicators for each psychological needs, 

along with the methods to quantify them. 

Additionally, Attention and Engagement are thought to influence each other. Miller [62] 

highlights the importance of attention by defining it as “the baseline of engagement”. While 

the nature of the relationship between Attention and Engagement is still under investigation, 

it is generally accepted that Attention constitutes a part of Engagement. Bradbury [63] 

distinguishes the two concepts by stating, "if you have your students’ Attention, you can pour 

information into them; but if you have their Engagement, they are actively craving content 

from you".   

 

Transversal skills 

Transversal skills, or soft skills, are non-technical skills that overlap, or transverse, application 

domains and are often related to an individual's ability rather than the possessed knowledge. 

In their review findings, Calero López and Rodríguez-López [64] observed the need to 

improve learners’ transversal competencies to meet the demands of the labour market. 

Similarly, García-Álvarez et al., (65) found that employers placed high importance on Job-

related basic skills such as communication and socio-relational Skills such as collaboration. 

In the context of the augMENTOR LM, we propose the modeling of transversal skill - and in 

particular, Collaboration, Critical Thinking and Creativity - separately than cognitive and 

affective aspects, mapping the pedagogical strategy of the project that is designed in WP3 

(“Pedagogical Framework for Emerging Technologies”) and WP4(“Critical Thinking and 

Creativity”). As established in WP4, transversal skills like the ones we address in augMENTOR, 

are measured mainly with the use of rubrics while there is a lack of validated frameworks that 

relate data-driven approaches to the assessment of Critical Thinking and Creativity. Indeed, 
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extensive work is carried out regarding the automatic assessment of Collaboration [33,34] - 

as part of research in the area of Computer-Supported Collaborative Learning (CSCL) - but 

these works do not explicitly relate collaboration with the cognitive or affective domains of 

learning. 

Abyaa et al. [13] underscore the various importance of modeling collaboration in 

determining learning outcomes. However, Asterhan and Schwartz [66] argue that “positive 

interdependence” is a prerequisite for effective and efficient collaborative learning. Positive 

interdependence exists when the input and effort of all group members are required to 

complete the collaborative learning task. Once positive interdependence is manifested in 

the learning tasks, individual learners strive to acquire “Transactive knowledge”, which is a 

shared understanding and an awareness of which group member possesses what 

knowledge and expertise [67]. The transactive knowledge is crucial for the collaborative 

“transactions” required in the orchestration of collaborative learning tasks.  In augMENTOR 

LM, we model the process of collaboration by analysing the collaborative transactive 

discourse. Barron [68] showed that learners who actively linked their ideas and contributions 

to what others had previously said in transactive discussions learned better. 

In addition, we also analyse the individuals' CL when they are engaged in collaborative 

learning tasks. The theory of “Collaborative Cognitive Load Theory (CCLT)” [69] provides a 

framework to investigate collaborative learning under the notion of positive 

interdependence. CCLT assumes that Cl is shared in a group due to the collective working 

memory, which assumes that individual learners pool their working memory capacity 

together to solve much more complex tasks. In addition, individual learners do not need to 

possess all the necessary prior knowledge individually and also do not need to complete the 

tasks all by themselves. Therefore, measures of CL can provide insights into the nature of 

collaboration and act as a point of reference to corroborate the insights obtained from the 

transactive discussions. 


