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The main question that guides this thesis can be traced to how to select a technique, 

or techniques, that fits better to a specific learning situation. This subject is of great 

importance in the design of activities for students and, at the same time, it represents a great 

challenge for teachers if diversification and adaptation of teaching-learning techniques is 

desired. 

Briefly, an activity can be described using several attributes, for example, subject, type 

of interaction, learning objectives. In turn, a technique describes a logical sequence of steps 

or tasks to be carried out by students. Connecting the activity to the technique that supports 

it, it is not a simple matter. Moreover, more than one technique may be necessary to 

accomplish the activity goals. 

In this context, design tools have revealed an important role for helping teachers in 

activities design, however very few are able to make automatic recommendations, specially, 

of techniques.  The most common recommendations are related to learning objects based 

on students' learning styles, interests or needs, among other students' characteristics. 

This thesis presents the Advanced Collaborative Education Model (ACEM), a 

recommender model to assist teachers in design of activities by providing 

recommendations of techniques. This way, the proposed model recommends techniques as 

adjusted as possible to the educational episode the teacher has at hand.  The recommender 

model embraces two core elements: a hybrid recommender system, and a new methodology 

to support the design of techniques and activities guided by collaborative principles where 

the participation of several actors is fundamental. It is sustained in teachers’ preferences, 

educational/scholar psychologists’ design conceptions and instantiations of techniques, 

and in an automatic association rules mining mechanism for recommending combinations 

of techniques that best suit to an activity. A similarity measure was conceived for ranking 

techniques and an extension of the FP-growth was devised incorporating this similarity 

measure to reduce the least relevant rules for recommending combinations of techniques.  
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In addition, a domain ontology named Ontology of Techniques for teachIng, LearnIng 

and Assessment (OTILIA) was created for modelling teaching-learning techniques.   

Finally, a prototype named "ACEM tool" was developed to facilitate the evaluation of 

the recommender mechanism. The evaluation phase is divided into two moments. A 

quantitative evaluation was carried out, which is composed by two main components, 

namely a paper questionnaire, and an experiment using the developed prototype. In 

addition, an algorithm evaluation was realized for comparing the extended FP-growth 

algorithm performance to the standard algorithms FP-growth and Apriori as well. The 

overall evaluation results reveal that the proposed model satisfies the main goal of this 

research work, therefore meeting the initial expectations as well as offering relevant clues 

for future research.  

 

Keywords: Learning Design, Recommender Systems, Association Rule Mining 

Algorithms, Ontologies. 

   

 



A principal questão que orienta este trabalho pode ser apresentada como selecionar 

uma técnica, ou técnicas, que melhor se ajustem a um episódio específico de aprendizagem. 

Este assunto ganha grande importância no desenho de atividades para os alunos e, ao 

mesmo tempo, representa um grande desafio para os professores se o objectivo for 

diversificar e adaptar técnicas de ensino-aprendizagem. 

Resumidamente, uma atividade pode ser descrita usando diversos atributos, por 

exemplo, assunto, tipo de interação, objectivos de aprendizagem. Por sua vez, uma técnica 

descreve uma sequência lógica de passos ou tarefas a serem realizadas pelos alunos. A 

ligação da atividade à técnica que lhe serve de suporte, não é uma questão simples. Mais 

importante, mais do que uma técnica pode ser necessária para concretizar os objetivos da 

atividade. 

Neste contexto, ferramentas de desenho têm revelado um importante papel na ajuda 

dos professores no desenho de atividades de ensino-aprendizagem, contudo, muito poucas 

são capazes de fazer recomendações automáticas, especialmente de técnicas. As 

recomendações mais comuns relacionam-se com objetos de aprendizagem com base nos 

estilos de aprendizagem, interesses ou necessidades dos alunos, entre outras 

características. 

Esta tese apresenta o Advanced Collaborative Education Model (ACEM), um modelo de 

recomendação para ajudar os professores na criação de atividades fornecendo 

recomendações de técnicas de ensino-aprendizagem. Nesse sentido, o modelo proposto 

recomenda técnicas de forma o mais ajustada possível à situação de ensino-aprendizagem 

que o professor tem em mãos. O modelo de recomendação combina dois elementos-chave: 

um sistema de recomendação híbrido e uma nova metodologia de suporte ao desenho de 

técnicas e atividades orientada por princípios colaborativos onde a participação de diversos 

atores é fundamental. Este modelo está sustentado por preferências dos professores, 

desenho e instanciação de técnicas por parte de psicólogos educacionais/escolares, e por 

um mecanismo de construção de regras de associação para recomendação de combinações 
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de técnicas que melhor se ajustam a uma atividade. Foi concebida uma medida de 

similaridade para classificar técnicas como também foi criada uma versão estendida do 

algoritmo FP-growth incorporando a referida medida de similaridade com o objectivo de 

reduzir as regras que não têm relevância significativa para a construção de combinações de 

técnicas. 

Igualmente, foi criada a ontologia denominada Ontology of Techniques for teachIng, 

LearnIng and Assessment para modelação de técnicas de ensino-aprendizagem. Com base 

no que foi descrito, esta tese tem como domínios de investigação principais: Desenho da 

Aprendizagem (Learning Design) e Sistemas de Recomendação.    

Finalmente, foi desenvolvido o protótipo designado "ACEM tool" com o objetivo de 

facilitar a avaliação do modelo de recomendação proposto. A avaliação está dividida em 

duas partes. Foi levada a cabo uma avaliação quantitativa a qual engloba um questionário e 

uma experiência usando o protótipo desenvolvido para este fim. Adicionalmente, foi 

realizada uma avaliação ao algoritmo FP-growth comparando a sua performance com as 

versões clássicas dos algoritmos FP-growth e Apriori. Em geral, os resultados evidenciam 

que o modelo proposto satisfaz o principal objetivo deste trabalho, indo, assim, ao encontro 

das expectativas iniciais, projetando pistas relevantes para o trabalho futuro. 

 

Palavras-chave: Desenho da Aprendizagem, Sistemas de Recomendação, Algoritmos 

de Descoberta de Regras de Associação, Ontologias. 
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This chapter presents the motivation that underpinned this research 

work along with the objectives and contributions of this thesis.  

 

Teaching-learning techniques1 (TLTs) diversification as well as adaptation to a 

learning episode represents a big challenge for teachers. The main issue can be traced to 

how to select a technique, or techniques, that fits better to a specific learning situation. The 

design of teaching-learning activities (TLAs) faces this concern.  

Briefly, an activity can be described using diverse attributes, for example, subject, 

interaction mode, learning objectives. As for a technique, it describes a sequence of tasks to 

be carried out by students, and therefore, it should be embedded in an activity. Taken into 

account the current challenges that education settings are facing the adaptation and 

diversification features have a key role in activities design. Diverse reasons can be pointed 

out.  First, the traditional education settings are no longer the unique teaching-learning 

delivery mode available to students. The widespread innovations supported by Web 

technologies have contributed definitively to the emergence of diverse teaching-learning 

delivery modes. The target population of students is also becoming more diversified as a 

consequence of many factors of the contemporary society, for example, immigration and 

unemployment. Finally, recent human learning theories as well as human intelligence 

theories have also contributed significantly to better understand how individuals learn. 

In this regard, design tools can have a relevant role to assist teachers in choosing 

appropriate techniques. It can be found diverse design tools, however, very few of them 

                                                 
1 The technique term will be used hereafter instead of teaching-learning technique for smoothing reading 
purpose. The same applies to teaching-learning activity. 
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provide personalized recommendation features to diversify and adapt techniques 

considering learning contexts particularities. Instead, the vast majority is devoted to 

recommending learning objects based on teacher's goals and/or students’ preferences. 

In that sense, the underlined motivation underpinning this thesis can be traced to 

respond to diverse aspects that are relevant at the moment: 

▪ To diversify and adapt pedagogical practices, specially, techniques, to bring 

to the “stage” a broader student population, and consequently, to get more 

students actively involved in activities proposed by teachers. 

▪ To develop enhanced computer-supported design tools for helping teachers 

in selecting adequate techniques when designing activities. 

▪ To promote collaborative/cooperative work among educators.  For the 

purpose of this work, educator includes beside teachers, other actors with 

relevant competencies in activities and techniques design, namely the 

Educational psychologist and the Scholar psychologist, as described in 

chapter 4.  

The first of the before mentioned aspects results from learning theorists' recognition 

that there are different ways of learning and, consequently, that should be reflected in the 

design of activities. Therefore, different approaches are needed to adapt those activities to 

the target population. It can be pointed out a wide variety of reasons why certain students 

are hard to reach: motivation, concentration, and the mismatch between a pattern of 

strengths and weaknesses on the part of the student and the particular range of 

techniques/methods that a teacher is using to reach that student (Sternberg R. , 2002). 

Thus, it is relevant that teachers diversify their pedagogical practices so that, on the one 

hand, they can get all students integrated and motivated in their teaching-learning 

environments, and on the other hand, they can train and enhance different skills. In that 

sense, educators need to consider different teaching-learning methods and techniques 

along with a careful conjugation of delivery and technological means. Regarding delivery 

means, besides face-to-face mode, at distance, blended learning, and mobile learning are 

also very popular at present. Technological means include all kind of computer-supported 

teaching-learning systems (hereinafter referred to as educational systems) that can assist 

students in their learning paths either individually or collaboratively.   

The second aspect is connected to the contributions of design tools to the education 

domain. As mentioned before, those tools can be enriched with useful and practical features 

in order to guide teachers during the design phase of activities, for example, automatic 

recommendation capabilities, reuse and sharing features, and easy-to-use by teachers. Such 

enhanced tools are still scarce at present. 
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Finally, team work among educators is the last of the listed aspects but no less 

important. In many organizations, collaborative work has been readjusted to present 

demands. However, in the educational sector, this practice between educators needs to be 

reinforced to foster far-reaching reusing and sharing learning contents, activities, and not 

less important, teaching-learning practices. It is not an easy task as in many occasions time 

restrictions as well as curriculum content specificities do not facilitate teachers’ job. In this 

respect, it is important that design tools are able to articulate and create workflows for 

managing a profitable team work between educators in designing teaching-learning 

scenarios.  

 

The hypothesis that drives this research work can be described as follows: 

The use of a recommender model for teaching-learning techniques motivates teachers 

to diversify and to adapt new and different teaching-learning activities.   

The main objective of this thesis is described as follows:  

To propose and validate a recommender model of teaching-learning techniques for 

scaffolding teaching-learning activities. 

The main objective can be divided into three more specific objectives:  

▪ To describe activities and techniques to support a modelling solution. It 

provides a means to devise concepts and their relationships to be used by 

computer systems for different purposes. Besides recommendation of 

techniques, human learning theories modelling, competence modelling, 

teaching strategy modelling can profit from the mentioned characterization. 

In this case, the main objective is to model techniques. 

▪ To devise a broad methodology for describing the overall procedures 

from the techniques modelling until the execution of activities. Besides 

the integration of those procedures, the collaborative work among diverse 

practitioners is highlighted. The collaborative work approach aims at giving 

several actors the opportunity to contribute with specific domain knowledge 

sourced from their professional activities. The set of actors includes the 

educational psychologist, scholar psychologist(s), the ontological engineer, 

and teachers. As it can be seen, Learning, Instructional and Instructional 

Design research domains embrace a huge set of concepts and relationships 

which are not always clearly defined. Techniques modelling and their 

practical use in educational settings can profit from different perspectives 

and expertise. In this respect, it is important to highlight those participants in 
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order to contribute to the clarification as well as the completeness of 

knowledge needed to design activities supported on sound pedagogical 

practices.  

▪ To develop an automatic recommendation mechanism to provide 

personalized and useful guidelines to help teachers in choosing appropriate 

techniques in accordance with their goals. Recently, important efforts have 

been made in computer-based recommender systems for education 

purposes. In most cases, the overall objective of these systems can be 

described as being some type of personalization in order to meet users’ goals 

and needs. Recommending both learning contents and learning resources 

(either to support teachers or learners) is a relevant example of important 

research work done in the last decades (Manouselis, Drachsler, Verbert, & 

Duval, 2013). The mechanisms for recommendation vary significantly and 

they are based on different criteria, for example, students’ learning styles, 

students’ background knowledge, learning objectives, and human intelligence 

theories' achievements (Mota & Carvalho, 2009). In this case, the algorithmic 

solution is able to recommend a technique and/or combinations of 

techniques, for each demanded activity, in order to meet teacher' goals.  

This thesis' main contributions are introduced as follows: 

▪  To formally represent the main concepts and their inherent relationships in 

respect to techniques. It was chosen an ontological approach for modelling 

the needed knowledge. 

▪ To foster collaborative work between diverse actors in the education area by 

creating a set of procedures for conducting all design process starting from 

high-level domain definitions and ending in the activity running. For this 

purpose, a specific methodology was devised.  

▪ To recommend techniques, an algorithm was devised, named TecRec, 

supported by different mechanisms, namely a similarity calculation, and 

association rules. 

▪ To implement a prototype for evaluating the proposed model. This prototype 

covers the recommender algorithm features.  
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The core of this thesis is structured as follows: 

-  Chapter 2 focuses on a broad range of learning design subjects. Diverse subjects 

are considered, namely learning theories, instructional methods and techniques, 

activities characterization and design tools.   

- Chapter 3 is dedicated to ontologies and recommender systems focused on 

educational systems. 

- Chapter 4 presents the proposed model deriving from the following subjects: a 

design support methodology, techniques modelling, based on an ontological 

engineering solution, and the recommender algorithm including the similarity 

measure proposal. In addition, examples of the implementation solution are 

provided along with the main supported technologies. Furthermore, the 

evaluation phase carried out in this work is described. It includes both an 

algorithm evaluation for comparing the performance of three algorithms, namely, 

the classic Apriori, the standard FP-growth and the extended FP-growth (the 

latter involves a proper similarity calculation) used to recommend techniques, 

and a quantitative evaluation. The results are also discussed. 

- Finally, the conclusions are drawn in Chapter 5, which encompasses a description 

of the main subjects covered in this research work as well as the achieved 

objectives. Future improvements and directions for further research are included 

as well. 





 
 

This chapter aims at introducing the main principles that underpin the 

techniques recommendation model. To this end, a set of Learning Theories 

and related knowledge that have definitively marked instruction since the 

beginning of the 20th century are introduced. After that, some definitions are 

presented in relation to models, strategies, techniques and activities. These 

definitions serve the purpose of the next topic, design of activities. Then, the 

learning design field is addressed which includes three main topics, 

representations, followed by the most prominent educational modelling 

languages and specifications, and finally, relevant learning design tools. This 

set of matters is presented in an educational perspective motivated by the 

need to bridge the theoretical background and the practical experience. 

 

Education is currently adapting to the opportunities afforded by both the widespread 

innovations of Information and Communication Technologies (ICT) and achievements in 

Learning, Instructional and Instructional design theories/streams. The impact in 

educational environments of these two research areas deserves important reflections by all 

practitioners.  

Technology has fostered a revolutionary learning era expanding everyone’s range of 

experience (Snowman & McCown, 2012). The traditional classroom, as a consequence, is no 

longer the only environment for learning. Online educational platforms, social networking 

are two relevant approaches for sharing information by means of a huge set of available 

technological means, for example, chats, forums, and blogs, which in turn can be integrated 

into dedicated platforms, for example, learning management systems (LMS). In addition, 

there are many other software applications for educational purposes (e.g. intelligent 
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tutoring systems, adaptive hypermedia systems, remote and virtual laboratories, 

immersive virtual environments), all of them offering teaching-learning possibilities for 

students to be involved in studying more enthusiastically (Mota, Reis, & Carvalho, 2014).  

In addition to traditional educational settings, Distance Learning and more recently 

e-Learning (see Appendix A for an overview of these themes), blended learning (online 

digital media along with traditional classroom methods), and mobile learning (personal 

electronic devices use for learning purpose) have huge relevance in the contemporary 

education global context. In general, all those teaching delivering approaches face three 

central challenges: (1) how to adapt and personalize learning contents and activities to 

students’ needs and preferences; (2) how to make the educational contents used in 

teaching-learning practices reusable and sharable; and (3) how to keep up with ongoing 

technological developments. 

In addition, the acknowledgement of different ways of learning implies that different 

strategies are needed to adapt teaching-learning subject matters to the learner’s needs and 

interests, and learning preferences. Some of those strategies include collaborative and 

cooperative learning as well. There is a relevant set of techniques in this domain that have 

demonstrated huge relevance to motivate students while improving students' social skills 

(Johnson & Johnson, 2016) (Laal & Ghodsi, 2012). Cultural and social aspects can also force 

different types of learning approaches. The target population of students, for example, is 

becoming more diversified deriving from several aspects of the contemporary society, 

namely, immigration and unemployment. The latter is originating, for instance, elder 

people's enrolment in Higher Education whether at a distance or by conventional delivery 

mode.  

This way, rethinking teaching and learning for the digital age has become a 

mandatory subject revealing the importance of getting a proper understanding of changes 

that educational environments are facing (Sharpe, Beetham, & Freitas, 2010) and, therefore, 

new challenges are envisioned for the learning design2 domain.  

Despite its relatively recent appearance in connection with e-Learning, learning 

design is not a new concept. Many teachers will consciously and reflectively engage in the 

design process in this general sense of everyday lesson planning (Britain, 2007). Presently, 

learning design can be introduced as a process for designing learning experiences (Conole 

G. , 2009), more specifically, activities placing special emphasis on applying acknowledged 

pedagogical principles (Koper & Bennett, 2008). In addition, a fruitful alliance between 

                                                 
2 Learning design without initial capital letters is used to mention a broad general concept (the process). When 
written using initial capital letters it refers to the IMS LD (or LD) specification. 
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technological means and teaching-learning scenarios cannot be underestimated (Conole G. 

, 2009, p. 188). 

The flexibility and extent of activities design can vary considerably. A huge set of 

teaching-learning aspects need to be considered, namely the curriculum, the learning 

environment, and assessment procedures (Biggs & Tang, 2011) in addition to the 

technological means. Moreover, methods/techniques adequacy to a specific activity needs 

special reflection to accomplish teachers' goals and get all students motivated as well. In 

some specific learning occasions, the collaborative work among learners can be more 

appropriate, whereas an individualistic approach may fit better in other moments. 

Another interesting topic regarding activity design is related to educators' teamwork, 

including teachers and educational psychologists. In almost all professional sectors, 

collaboration and cooperation is a very common practice. That is, planned tasks are divided 

by the participants in order to attain a common goal. Unfortunately, this approach is not 

very common in the education sector for various reasons. On the one hand, individual 

efforts usually overlap teamwork, on the other hand, the very same task is repeated 

countless times without explicit reusing and sharing of contents.  Different experiences and 

point of views about designing activities can only enrich the design process itself. Besides, 

there is not only a single way to solve all the issues in the learning design domain. However, 

it is mandatory to reflect more carefully on a set of important issues for maximizing the 

overall efforts of the community that plays an essential role in the learning design area.  

All those mentioned aspects strengthen the need for helping teachers more than ever 

in creating learning contents, namely activities, to bridge theoretical achievements in all 

facets of learning design with teachers’ daily practices.  

Next section aims to introduce the Learning Theories subject. 

 

Learning theories provide structured foundations for planning and conducting 

activities design (Ertmer & Newby, 2013). Although they share some common principles, 

they differ in the way they address critical aspects, namely in how learning occurs, in the 

role of memory, and the role of motivation, in how transfer occurs, in the processes involved 

in self-regulation, and in the implications for instruction (Schunk, 2012) (see Table 1). 
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Table 1. Research key aspects in learning theories (Schunk, 2012) 

How learning process occurs 

The role of memory 

The role of motivation 

How transfer occurs 

Which processes are involved  

The implications for instruction 

To understand the concept of learning and the way it occurs is an extremely complex 

issue that takes long time to be acknowledged. Although there is no single definition of 

human learning, some common criteria can be found. The following were considered: 

"Learning aims at helping in the process of developing skills allowing the learner to be 

able to enter into a personal relationship with the environment (physical and human) where 

s/he lives, using for this purpose, the sensorimotor, the cognitive, the affective and the 

language structures” (Tavares & Alarcão, 2005, p. 90). 

“Learning is an enduring change in behaviour, or in the capacity to behave in a given 

fashion, which results from practice or other forms of experience.” (Schunk, 2012, p. 3). 

“Learning is a personal construction, which results of an experiential process within a 

person translated into a relatively stable behaviour modification.” (Tavares & Alarcão, 2005, 

p. 86). 

A common criterion seems to be that learning involves changing, learning endures 

overtime, and learning occurs through experience (Schunk, 2012). Basically, learning 

involves change either in behaviour or in the capacity for behaviour in the sense that a 

changed behaviour can be demonstrated at the time learning occurs and later. Besides, 

learning can not be observed directly but rather in its products or outcomes. "Learning 

endures over time" means that temporary behavioural changes are not considered because 

when the behaviour cause is removed, the behaviour returns to its original state. The third 

criterion is that learning occurs through experience (e.g. practice, observation of others). 

Human learning theories can be traced back to the beginning of the 20th century, even 

though current learning theories have roots that extend farther in the past.  Many learning 

theorists have significantly contributed to the understanding of such a complex subject, 

namely John B. Watson and B. F. Skinner (behaviourism), Jerome Bruner (discovery 

learning), David Ausubel (meaning learning), Jean Piaget (constructivism), David 

Rumelhart (schemata), Roger Schank and Robert P. Abelson (scripts), Lev S. Vygotsky 

(dialectical constructivism), Rand Spiro (cognitive flexibility), John Bransford (anchored 

instruction/problem-based learning), Collins Brown (situated cognition), Gavriel Salomon 
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(distributed cognition), and Yrjö Engeström (activity theory) (Kirschner, Martens, & 

Strijbos, 2004). 

Despite the different points of view in learning theories, they share principles that are 

expected to enhance learning from instruction (see Table 2).   

Table 2. Shared principles in learning theories (Schunk, 2012) 

Learners progress through stages/phases 

Material should be organized and presented in small steps 

Learners require practice, feedback, and review 

Social models facilitate learning and motivation 

Motivational and contextual factors influence learning 

A crucial point in this domain is mapping learning theories developments into 

practical applications. This is not a straightforward step as learning is a complex process 

that has generated numerous interpretations and theories regarding its effective 

accomplishment (Ertmer & Newby, 2013). Despite the relevant work in all the above 

mentioned theories/streams, the main roots in human learning are driven by the guidelines 

of at least one of the following broad perspectives: Behaviourism, Social Cognitive Learning, 

Information Processing, and Constructivism.  

 

Most popular in the first half of the 20th century and still widely practiced after 80 

years is the behaviourist perspective (Zhou & Brown, 2015, p. 4). This stream contends that 

behaviours can be scientifically described without recoursing either to internal 

physiological events or to hypothetical constructs such as thoughts and beliefs (Baum, 

1994). Among other characteristics, the behaviourist paradigm highlights the instructor's 

success instead of the learner's, the detailed task analysis used to establish behaviour 

objectives, the use of small groups, high learner response requirements, feedback, data 

collection related to accuracy and speed, and direct rewards of good work and behaviour.  

Practice is needed to strengthen responses. In addition, complex skills can be established 

by shaping progressive, small approximations to the desired behaviour. For the 

behaviourists, the goal of instruction is to elicit the desired response from the learner who 

is presented with a target stimulus (Ertmer & Newby, 2013). Behaviourism has strongly 

influenced education. Apart from some teachers’ behaviours in rewarding their students’ 

behaviour, providing, for example, gold stars or smile/sad face images in primary 

education, the drill and practice of computer programs which give positive feedback for 

correct responses are still widely in use. Main theorists include Ivan Pavlov, Edward L. 

Thorndike, John Watson and Burrhus F. Skinner. 
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In the late 1950s, learning theories started to shift away from the behavioural models 

to an approach that relied on models from the cognitive sciences (Ertmer & Newby, 2013). 

Some complex processes are stressed by them, namely, thinking, problem solving, language, 

concept formation, and mental processing. Cognitive theorists claim that learning is 

equated with discrete changes between states of knowledge rather than with changes in the 

probability of response. As for the Social Cognitive theory, it contends that behavioural 

consequences serve as sources of information and motivation, and not as necessary sources 

of punishment or direct rewards. Furthermore, it states that individuals learn from one 

another, via observation, imitation, and modelling. By observing others, individuals acquire 

knowledge, rules, skills, strategies, beliefs, and attitudes. Moreover, individuals also learn 

from models the usefulness and appropriateness of behaviours, and the consequences of 

modelled behaviours, and they act in accordance with beliefs about their capabilities and 

expected outcomes of their actions (Schunk, 2012, p. 118). The main principles are the 

reciprocal interactions among persons, behaviours and environments; enactive, and 

vicarious learning; the distinction between learning and performance; and the role of self-

regulation. As for enactive and vicarious learning, the former involves learning by doing and 

experiencing the consequences of one’s actions, whereas the latter is accomplished by 

observing or listening to models. Many sources can be included, such as alive models 

(appear in person), symbolic or nonhuman models (e.g., televised talking animals, cartoon 

characters), electronic models (e.g., television, computer, videotape, DVD), or in print 

models (e.g., books, magazines). It is important to emphasise that those kind of sources can 

accelerate learning comparing to what would be possible if people had to perform every 

behaviour for learning to occur. Moreover, vicarious sources also save people from 

personally experiencing negative consequences. 

In the educational restricted scope, the Social Cognitive learning perspective claims 

that complex skills typically occur through a combination of observation and performance. 

Firstly, students observe teachers, then they practice the required skills. During students’ 

engagement in the activities, teachers give them corrective feedback to help them perfect 

their skills. As with enactive learning, response consequences from vicarious sources 

inform and motivate observers. When students believe that modelled behaviours are useful, 

they attend carefully to models and mentally rehearse the behaviours. 

The Social Cognitive theory keeps learning and performance processes apart, 

distinguishing between new learning, and the performance of previously learned 

behaviours in contrast with conditioning theories, which contend that learning involves 

connecting responses to stimuli or following responses with consequences. Although much 

learning occurs by doing, it can also be achieved by observing. The act of performing what 
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is learned depends on factors such as motivation, interest, incentives to perform, perceived 

need, physical state, social pressures, and the type of competing activities. Reinforcement, 

or the belief that it will be forthcoming, affects performance rather than learning. 

Another key assumption of the Social Cognitive theory is the self-regulation principle, 

which stresses that people desire “to control the events that affect their lives, and to 

perceive themselves as agents" (Bandura cited in (Schunk, 2012, p. 122)). This sense of 

agency manifests itself in intentional acts, cognitive processes, and affective processes. In 

turn, the sense of agency can be influenced by several key processes, namely perceived self-

efficacy, outcome expectations, values, goal setting, self-evaluation of goal progress, and 

cognitive modelling as well as self-instruction (Schunk, 2012). Albert Bandura was the main 

influence in the Social cognitive learning theory. 

 

Regarding the Information Processing theory (IPC), it is a generic name applied to 

various theoretical perspectives dealing with the sequence and execution of cognitive 

events. It provided psychologists with a framework for investigating the role of a variable 

that behaviourism has ignored: the learner's nature. In that sense, psychologists study 

closely how, regardless of the context, environment stimulus interferes with the processes 

of attention, perception, and storage throughout a series of distinct memory stores, namely 

sensory memory, short-term memory, and long-term memory (Sprinthall, Sprinthall, & Oja, 

1998).  For this reason, this theory is commonly compared to a computer. This way, it was 

assumed that information comes in from the environment, then it is processed by a series 

of temporary sensory memory systems, and finally it is fed into limited capacity short-term 

(that is, a working memory) store. Sensory and working memories are both constrained by 

capacity limitations and attention length. In contrast, long-term memory serves 

permanently as a repository for facts and knowledge. Long-term and working memories 

are connected by encoding and retrieval processes. Encoding refers to strategies such as 

organization, inference, and elaboration, which help in the migration of information from 

working to long-term memory. Retrieval refers to the processes which help to search long-

term memory and access information for active processing in the working memory. 

IPC traces four main implications for instruction (Schraw & McCrudden, 2013): 

▪ Automatization of basic skills. The limited capacity in both sensory and short-

term memory forces students to become automated at basic skills such as 

letter and word decoding, number recognition, and simple procedural skills 

such as handwriting, multiplication, and spelling. Consequently, students are 
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trained to selectively focus their attention on important information, and to 

engage in as much automated mechanisms as possible. 

▪ Relevant prior knowledge use when learning new information promotes 

further learning. Instruction should be designed to help students in this 

theme using namely organized knowledge, problem-solving and critical-

thinking scripts.  

▪ Automatization promotion by providing ample opportunities for students to 

practice. Automated information processing increases cognitive efficiency by 

releasing “limited resources that can be used for other activities such as 

drawing inferences and connecting new information to existing information in 

memory” (Schraw & McCrudden, 2013).  

▪ Application of learning strategies contributes to improve information 

processing. In this way, students are allowed to be more efficient and process 

information at a deeper level. There are three general strategies that all 

effective learners use in most situations: organization, inferences, and 

elaboration, as Schraw & McCrudden explain: “Organization refers to how 

information is sorted and arranged in long-term memory. Information that is 

related to what one already knows is easier to encode and retrieve than isolated 

information. In some cases, individuals already possess well organized 

knowledge with empty slots that can be filled easily with new information. 

Activating existing knowledge prior to instruction, or providing a visual 

diagram of how information is organized, is one of the best ways to facilitate 

learning new information. Constructing inferences involves making connections 

between separate concepts. Elaboration refers to increasing the meaningfulness 

of information by connecting new information to ideas already known” (Schraw 

& McCrudden, 2013). 

The achievements in IPC have been considered relevant in instruction, including for 

students with learning and behaviour problems (Kandarakis & Poulos, 2008). George 

Armitage Miller was the main influence in this area. 

The behavioural and cognitive learning paradigms are both objective in nature. Both 

support the practice of analyzing a task and breaking it down into smaller chunks, 

establishing objectives, and ways of measure based on those objectives. That basic 

"objectivistic" assumption was questioned by a number of contemporary theorists who 

considered a more constructivist approach to learning, that is, a more open-ended view of 

learning.   
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In the specialized literature, Constructivism is commonly introduced as an 

epistemology, or philosophical explanation about the nature of learning. Constructivist 

theories vary from those that postulate complete self-construction, those that hypothesize 

socially mediated constructions, to those that argue that constructions match reality 

(Schunk, 2012, p. 274).  

From the constructivism point of view, knowledge is constructed by the learner and 

“it is a function of how the individual creates meaning from his or her own experiences” 

(Jonassen D. , 1991).  In contrast with IPC theorists, cognitive processes are situated 

(located) within physical and social contexts, and the relations between persons and 

situations are highly valued.  

Constructivists claim that humans create meaning as opposed to acquiring it. This is 

justified with the difficulty in describing a predetermined “correct” meaning in complex, 

and specially, "ill-structured" learning domains.  

In relatively structured knowledge domains, performance and instruction have 

proven effective in teaching basic skills, and thereby an objectivist approach (behavioural 

and/or cognitive) seems to be adequate for that purpose. Yet, as suggested by D. Jonassen 

(1991), a transition to constructivist approaches should be made as learners acquire more 

knowledge which helps them dealing with complex and ill-structured problems. 

From the instruction point of view, content knowledge should be embedded in the 

situation in which it is used. For this reason, it is important for “learning to occur in realistic 

settings and that the selected learning tasks are relevant to the students’ lived experiences” 

(Ertmer & Newby, 2013). Ertmer & Newby go on clarifying that: “The role of instruction in 

the constructivist view is to show students how to construct knowledge, to promote 

collaboration with others to show the multiple perspectives that can be brought to bear on a 

particular problem, and to arrive at self-chosen positions to which they can commit 

themselves, while realizing the basis of other views with which they may disagree.” 

(Cunningham cited in (Ertmer & Newby, 2013, p. 59)).  

Considering the previous rationale, the constructivist position presents several 

specific principles that are directly relevant for the instruction designer: 

▪ The context in which the skills will be learned and subsequently applied should 

be highly valued. 

▪ Both the learner control and the learner capacity to manipulate information 

should be encouraged. 

▪ The information should be presented in a variety of different ways. 
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▪ The use of problem solving skills that allow learners to go “beyond the 

information given” should be supported. 

▪ Assessment should be focused on knowledge and skills transfer, i.e., presenting 

new problems and situations that differ from the conditions of the initial 

instruction.   

The constructivist environments have the potential to engage learners in knowledge 

construction through collaborative activities that embed learning in a meaningful context, 

and through reflection on what has been learned through conversation with other learners 

(Jonassen, Davidson, Collins, Campbell, & Haag, 1995, p. 13). 

The design principles for constructivist activities can be listed as follows (Mayes & 

Freitas, 2004): 

▪ Ownership of the task; 

▪ Coaching and modelling of thinking skills; 

▪ Scaffolding; 

▪ Guided discovery; 

▪ Opportunity for reflection; 

▪ Ill-structured problems. 

The implications for instruction of the above mentioned theories are of major 

importance for those responsible for planning either a curriculum of a course or a unique 

activity, the activity granularity is not the main concern (see Table 3).  

In short, the learning point of views presented above can be framed as follows:   

“As one moves along the behaviourist – cognitivist – constructivist continuum, the focus  

of instruction shifts from teaching to learning, from passive transfer of facts and routines to 

the active application of ideas to problems” (Ertmer & Newby, 2013).  

Two early theories from the constructivism approach have been highly valued in 

instruction: Jean Piaget's Cognitive Development Theory, and the Lev Vygotsky' Socio-

cultural Theory. Shortly, Piaget’s theory postulates that children pass through a series of 

qualitatively different stages: sensorimotor, preoperational, concrete operational, and 

formal operational. Schemas, assimilation, accommodation, adaptation and equilibrium are 

the most prominent identifiers connected to this theory (Piaget, 1964). In turn, Vygotsky’s 

sociocultural theory emphasises the social environment as a facilitator of development and 

learning. The social environment influences cognition through its tools-cultural objects, 

language, symbols, and social institutions (Vygotsky, 1978). 
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Table 3. Implications for instruction of Behaviourism, Social Cognitive, Information Processing and 
Constructivism learning theories (Schunk, 2012) 

Behaviourism 

Theory 

Instruction should have clear, measurable objectives, proceed in small steps, and deliver 

reinforcement. Mastery learning, computer-based instruction, and contingency contracts are 

useful ways to promote learning. 

Social Cognitive 

Theory 

The use of modelling is highly recommended in instruction. The key is to begin with social 

influences, such as models, and gradually shift to self-influences as learners internalize skills 

and strategies. It is also important to determine how instruction affects not only learning but 

also learners’ self-efficacy. Learners should be encouraged to set goals and assess goal 

progress. Teachers’ self-efficacy affects instruction because efficient teachers help promote 

students' learning better. Worked examples, tutoring, and mentoring are recommended. 

Information 

Processing 

Theory 

Information should be presented in such a way that students can relate the new information 

to already known information (meaningfulness), and that they understand the uses for the 

knowledge.  

These points suggest that learning should be structured so that it builds on existing knowledge, 

and can be clearly comprehended by learners. Teachers also should provide advanced 

organizers and cues that learners can use to recall information when needed and that 

minimize the cognitive load. 

Constructivism Teachers need to provide the instructional support (scaffolding) that will assist learners to 

maximize their learning in their zone of proximal development. Lecturing and giving students 

the answers are not recommended actions. 

Some recommended instructional methods/approaches are:  discovery learning, inquiry 

teaching, peer-assisted learning, discussions, debates, reflective teaching, instructional 

scaffolding, reciprocal teaching, peer collaboration, and apprenticeships. 

 

 

Various constructivist theories/perspectives have emerged in the last three decades. 

A reason for that can be assigned to technological advances, specially Web-based 

technologies, Social constructivism, Situated learning, Cognitive flexibility, Connectivism are 

some relevant examples of the constructivist root. This social dimension on learning has 

received a major boost from the gradual reconceptualization of all learning as ‘situated’ 

(Mayes & Freitas, 2007). 

Situated learning means learning is located in a specific context and embedded within 

a particular social and physical environment. This view of learning focuses on the way 

knowledge is distributed socially, and in this regard boosting new skills and competences 

among learners. Learning is not viewed as simply the transmission of abstract and 

decontextualized knowledge from one individual to another, but as a social process 

whereby knowledge is co-constructed (Lave & Wenger, 1991). Cognitive flexibility theory 

emphasises the advanced knowledge acquisition, which allows "flexible reassembly of 

preexisting knowledge to adaptively fit the needs of a new situation" (Spiro, Feltovich, 
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Jacobson, & Coulson, 1992). It aims at preparing people to select, adapt, and combine 

knowledge and experience in new ways to deal with situations that are different from the 

ones they encountered before. The complex and ill-structured domains are the focus where 

there are often no clear-cut right or wrong answers. In this sense, Spiro et al (1992) 

advocated flexible learning environments that permit the same knowledge to be mastered 

in a variety of ways. This theory is especially formulated to support the use of interactive 

technology (e.g. hypertext). Connectivism theory claims a new vision of knowledge and 

learning. This theory gives special attention to external networks for the learning process, 

underlying this way that learning also occurs outside people (i.e. learning that is stored and 

manipulated by technology) (Siemens, 2004). Those external networks provide new 

learning experiences not found in a traditional model (Siemens, 2008). This theory uses 

what has been discovered so far in network analysis to interpret knowledge, and assumes 

knowledge as a network. Nowadays, terms such as communities of practice, peer-to-peer 

social networks, collaborative and cooperative learning have acquired special 

acknowledgement in the learning domain. 

Based on constructivist assumptions, several methods/techniques have been 

designed, namely project/problem-based learning, cognitive apprenticeships, anchored 

instruction, reciprocal teaching, authentic instruction, and computer-supported 

collaborative learning. In the vast specialized literature, these methods are of great value to 

the demanding knowledge society. Among other students’ skills, critical thinking, problem 

solving, and creativity are considered of huge relevance nowadays. Therefore, they should 

be trained in educational settings (including traditional, blended, and distance delivery 

mode) (Ertmer & Newby, 2013). 

Another current aspect of learning concerns learning styles (also referred to as 

cognitive or intellectual styles). Learning styles can be described as stable individual 

differences in perceiving, organizing, processing, and remembering information or people’s 

preferred ways to process information and carry out tasks (Sternberg & Grigorenko, 1997) 

(Sternberg & Grigorenko, 2001). That concept has been used in the design of educational 

systems to promote adaptation to learners’ needs and preferences (Stash & De Bra, 2004), 

(Martins, Faria, & Carrapatoso, 2008), (Mota & Carvalho, 2009). 

Finally, in addition to human learning theories, human intelligence theories have also 

contributed significantly for the understanding of how individuals learn (which is in part 

related to learning styles). Their achievements have been increasingly applied to 

educational settings. This is the case of Multiple Intelligences Theory (Gardner, 1983), the 

Emotional Intelligence Theory (Goleman, 1995) and the Triarchic Theory of Intelligence 

(Sternberg R. , 1985). In this regard, the second half of the last century was very crucial. 

Basically, these modern human intelligence theories have demystified the traditional 



Instructional Pyramid: models, strategies, techniques and activities  

 - 19 - 
 

monolithic view of human intelligence emphasising that there are different kind of 

intelligences. Their authors bring to the stage innovative reflections and explanations on 

why some students have great success in traditional settings and others do not (Sternberg 

R. , 2002).  

 

A good pedagogical design needs to consider accepted theoretical foundations in 

order to avoid inconsistencies and undesirable results. 

Learning theories are a source of verified instructional strategies, methods, and 

techniques (Ertmer & Newby, 2013). All this knowledge is useful if teachers are able to map 

the theoretical achievements into practice knowledge. In this sense, a specialized branch of 

Psychology named Educational Psychology has taken a huge role. It is specialized in the 

study of psychological development, learning, motivation, instruction, assessment and 

associated issues that influence the interaction between teaching and learning methods 

(Snowman & McCown, 2012).  

 Snowman and McCown stated: “Good teaching is a skillful blend of artistic and 

scientific elements. […] the teacher who ignores scientific knowledge about teaching and 

learning and makes arbitrary decisions runs the risk of using methods that are ineffective” 

(2012, p. 15).  

 

Considering that there is no unique definition of model, strategy, technique and 

activity, selected definitions are presented to render more clarity to the text. Most of them 

are based on the Instructional Approaches Framework (Saskatchewan Education, 1991).  

Models are in the top of the hierarchy of instructional practices and they present a 

philosophical orientation to instruction. They are used to select and to structure teaching 

practices for a particular educational context. 

Regarding the instructional strategy, it reflects the educator´s approach in teaching 

to engage students in a teaching-learning episode. In order to be adapted to students’ needs, 

interests and preferences, it is reasonably logical that several strategies are allocated to the 

very same teaching-learning episode.  

Indeed, the choice of teaching-learning strategies is complex once the selection 

process can depend on different approaches. One of those approaches is linked to the forms 

of thinking that is supposed to emphasise. The selection can also be guided by the 
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uniqueness of each situation of teaching valuing student’s background, student’s 

motivational aspect, class environment, learning content, among others (Sheifert & Sutton, 

2009). Besides, it is accepted that students should interact with content in a variety of ways 

(i.e., following a constructivist perspective). 

It is common sense that there isn’t a best strategy as many different variables can 

condition its selection. Consequently, teaching is often a matter of combining different 

strategies appropriately and creatively (Sheifert & Sutton, 2009). Therefore, flexibility and 

adaptation dimensions are very important variables to consider in this process.  

As for an activity, it is described as following: 

An activity is an educator construction of what other participants should be engaged in 

to attain specific goals supported by one or more specific techniques, taking into account the 

specificities of the educational context including diversity and participants' particularities. 

The term educator was chosen instead of teacher on purpose to emphasise that 

besides teachers, other actors can also be responsible for activities creation.   

Finally, a technique is described as mentioned below: 

A fined grained instantiation of a method that scaffolds a sequence of unambiguous 

steps to accomplish a settled goal for supporting an activity. 

The sequence of unambiguous steps emphasises the sequence of defined tasks to be 

carried out by their actors. That sequence can be fixed or adaptable “on the fly”. Besides, 

they can incorporate concurrent tasks as it happens in cooperative techniques (e.g. the 

jigsaw technique). In respect to the settled goal element, it can be anchored to different 

levels of learning perspectives, such as cognitive, affective, psychomotor, and social. 

 

Techniques classification can be organized by different perspectives. The strategy 

and the method oriented perspectives are very common. An acknowledged classification 

divides them into five strategies: direct, indirect, interactive, experiential, and independent 

(Saskatchewan Education, 1991) (see Table 4)3.  

                                                 
3 A huge list of instructional techniques can also be found in (Merlot Pedagogy, 2013). In (Rowan, 2013) web 
page, a list of over 900 instructional strategies and/or techniques can be accessed. The strategies are arranged 
alphabetically and range from simple to complex. 
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Table 4. Instructional techniques categorized by strategies (Saskatchewan Education, 1991, p. 20) 

Direct Instruction Indirect 

Instruction 

Interactive 

Instruction 

Experiential 

Learning 

Independent Study 

Structured Overview Problem 

Solving 

Debates Field Trips Essays 

Explicit Teaching Case Studies Role Playing Conducting 

Experiments 

Computer Assisted 

Instruction 

Mastery Lecture Inquiry Panels Simulations Reports 

Drill and Practice Reading for 

Meaning 

Brainstorming Games Learning Activity 

Package 

Compare and Contrast Reflective 

Discussion 

Peer Practice Focused Imaging Correspondence 

Lessons 

Didactic Questions Concept 

Formation 

Discussion Field 

Observations 

Learning Contracts 

Demonstrations Concept 

Mapping 

Laboratory Groups Role Playing Homework 

Guides for Reading, 

Listening, Viewing 

Concept 

Attainment 

Co-operative 

Learning Groups 

Synectics Research Projects 

 Cloze 

Procedure 

Problem Solving Model Building Assigned Questions 

  Circle of Knowledge Surveys Learning Centers 

  Tutorial Groups   

  Interviewing   

Another approach for choosing instructional techniques can follow the rationale: how 

much to emphasise teacher-directed instruction, as compared to student-centered models 

of learning. In the middle of them, the semi-directed instruction can be added as suggested 

in Table 5. 

Teacher-directed strategies of instruction include lectures and readings (expository 

teaching), demonstration cases, mastery instruction and direct instruction (Huitt, 1999). 

Student-centered strategies of instruction include independent study, student self-

reflection, inquiry learning, and various forms of cooperative or collaborative learning 

(Felder & Brent, 2007). This fits in the active learning approach. Active learning requires 

students to participate as opposed to sitting and listening quietly.  

The semi-directed instruction is normally carried out using interrogative techniques. 

Table 5. Examples of techniques divided by instruction model strategies 

Teacher-directed Semi-directed  Student-directed  

Lectures Argumentation Brainstorming 

Readings Dialog Role-playing 

Demonstration cases  Case studies 

Direct instruction  Problem solving 

Mastery instruction   
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Regarding the method perspective, techniques can be divided in the following 

categories: expository, demonstrative, interrogative and active  (Rodrigues & Ferrão, 2012).  

The first three categories are characterized by teacher's strict initiatives during all the 

teaching-learning process whereas the last one is more focused on the student's initiative. 

In this case, the teacher takes the moderator or facilitator role in the process.  A centered-

student teaching-learning approach is carried out by a huge diversity of techniques like 

cooperative learning, case studies, simulations, inquiry or debates. It is important to 

emphasise that a teaching-learning episode can result in a sequence of techniques and their 

use should be adaptable to the current teaching-learning context.  

Table 6 presents other classification of techniques based on the DialogPlus taxonomy 

(Falconer, Conole, Jeffery, & Douglas, 2006). 

Table 6. Taxonomy of techniques 

Assimilative – 

Information Handling 

Adaptive Communicative Productive Experiential 

Concept Mapping Modelling Articulate Reasoning Artefact Case study 

Brainstorming  Arguing Assignment Experiment 

Buzz Words  Coaching Book Report Field trip 

Crosswords  Debate Dissertation/ thesis Game 

Defining  Discussion Drill and Practice Role Play 

Mindmaps  Fishbowl Essay Scavenger Hunt 

Web Search  Ice Breaker Exercise Simulation 

  Interview Journaling  

  Negotiation Presentation  

  On the Spot Questioning Literature review  

  Pair Dialogues MCQ  

  Panel Discussion Puzzles  

  Peer Exchange Portfolio  

  Performance Product  

  Question and Answer Report/paper  

  Rounds Test  

  Scaffolding Voting  

  Socratic Instruction   

  Short Answer   

  ...   

Instruction methods and/or techniques are activities oriented. After carefully 

reflecting on the strategies to choose, the next step is to choose one or more techniques. 

This is a very demanding task as there is no prescription to that purpose. In order to 

embrace a large diversity of pedagogical practices, specialized knowledge from different 

sources should be considered, such as knowledge of instructional techniques, knowledge of 

aims and goals, knowledge of learners’ profiles, knowledge of the subject-matter content 

and its organization, and tacit knowledge acquired from day-to-day experiences and 

feedback in the classroom (Borich, 2013).  All those knowledge sources envision the 
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complexity involved in choosing techniques in planning teaching-learning episodes 

whatever their granularity. 

Following a straightforward approach, teachers should select the proper technique 

for a specific learning outcome (Borich, 2013). For example, facts, rules and action 

sequences are most commonly taught using a direct instruction approach whereas 

concepts, patterns and abstractions are most commonly taught using techniques that 

belong to indirect, interactive or experiential approaches. In this case, different student´s 

behaviours are expected to be trained, for instance: analysis, synthesis or decision-making. 

In (Paulsen M., 1995) many techniques can be found as well. They differ in some 

aspects, namely, sequence of steps/tasks, type of skills they are able to practice, audience. 

Techniques as Informal Group Discussion, Brainstorming, Debate, Jigsaw, Role Pay and 

Pyramid encourage the development of various types of thinking skills, such as creative 

thinking, critical thinking, analytical thinking, reflective thinking (Turani, 2007, p. 35).    

Nevertheless, there is no agreement on common definitions or descriptions of these 

techniques. The same technique can have different formats. Besides, some techniques rely 

on the process and/or on the contexts, and contents as well (p. 35). Diverse examples of 

technique descriptions can be found in Appendix G. 

Next section introduces the activity concept in more detail.  

 

Learning is normally paired with activities as vehicles to attain the learning objectives 

planned by the educator.  There is no single definition concerning the activity concept. A 

definition has already been introduced in section 2.3.1. In turn, Helen Beetham (2007, p. 

28) describes activity as “a specific interaction between learner(s) with other(s) using specific 

tools and resources, oriented towards specific outcomes”. Following this definition, an outline 

for an activity is presented in Figure 1.  

 

 
 

Figure 1. An outline for activity (Beetham, 2007) 
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The four high-level components involved in an activity comprise the following 

elements: 

▪ Learner(s): This component combines identities (preferences, needs, 

motivations), competences (skills, knowledge, abilities) and roles (approaches 

and modes). 

▪ The learning environment: The focus is on available tools, resources and 

services. Virtual or face-to-face mode are considered. 

▪ Learning outcomes: It comprises new knowledge, academic and social skills, and 

abilities. 

▪ Other(s): Other people involved and the specific role they play in the interaction, 

e.g. support, mediation, challenge, and guidance. 

The activity granularity can vary significantly. It can be a simple one, for example, an 

interaction between a single student with a single resource (e.g. a tool), or may also be 

complex involving a number of tasks for a group of people, including both learners and 

teachers with roles changing from task to task as well as tools and resources. 

The e-Learning community has been making significant efforts to describe activities 

for the last two decades. The Learning Activity Design in Education (LADiE) project (LADiE, 

2006) is one of them. This project was responsible for the design of a reference model called 

the Learning Activity Reference Model (LARM) founded by JISC (JISC, 2006). Its aim was to 

create and implement learning activities in an easy and efficient way by enabling reusing 

and sharing of activities components. Those components comprised a language 

representation, content materials and supporting services.  

Activities description was supported by the DialogPlus taxonomy (Falconer, Conole, 

Jeffery, & Douglas, 2006)4. Briefly, the taxonomy attempts to consider all aspects and factors 

involved in developing a learning activity defining three main components: 

▪ The context of the activity: It includes subject, level of difficulty, intended 

learning outcomes, environment within which it takes place, among others. 

▪ The pedagogy (learning and teaching approaches) adopted: this includes 

theories and models, which are grouped into associative, cognitive and situative 

perspectives (Mayes & Freitas, 2007). 

▪ The tasks undertaken: This includes the type of task, the (teaching-learning) 

techniques used to support the task, any associated tools and resources, the 

                                                 
4 The taxonomy can be consulted in Appendix B. 
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interaction and roles of those involved, and the assessments within the learning 

activity (see Figure 2).  

 

 

Figure 2. Activity high-level components (adapted from (Conole & Fill, 2005)) 

In this taxonomy, special focus is given to tasks. They define what students will 

undertake as part of an activity in order to achieve the intended learning outcomes. These 

tasks can be supported by a range of techniques (e.g. Brainstorming, Concept Mapping, 

Debate, Case Study, Role Play and Jigsaw). Depending on the type of task and the technique 

used to instantiate it, roles and interactions are required. The two top roles are student and 

tutor, whereas interactions include one-to-one, one-to-many, student to tutor, group or 

class base. For example, an online group discussion might include one student acting as a 

presenter, one as a facilitator and the rest as group participants (Conole G., 2007). 

Moreover, a range of tools and resources that are needed for students to carry out the tasks 

may also be allocated to complete those tasks. Finally, tasks may contain an assessment 

component. This includes the main categories, such as diagnostic, formative and 

summative.  

The taxonomy was used as the basis for an online toolkit, named DialogPlus toolkit, 

which aimed at guiding practitioners through the process of developing pedagogically 

informed learning activities, providing supporting text and links to examples and additional 

resources (Conole & Fill, 2005).  

As referred to by G. Conole (Conole G., 2007), the DialogPlus toolkit has been a useful 

framework for practitioners to create activities, however, and as it has been highlighted by 

the e-Learning community, it is necessary to use high level representations (further details 

in section 2.4.2) for guiding the design process in order to respond to the designer’s 

particular needs. 
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In the specialized literature, slightly different definitions of learning objectives can be 

found. The one below was taken from the glossary of Education Reform: 

“Learning objectives are brief statements that describe what students will be expected 

to learn by the end of the school year, course, unit, lesson, project, or class period.” (Hidden 

curriculum, 2014).  

Mager (1984) gives the following three main reasons for stating objectives: 

▪ To guide the teacher regarding the selection of instructional strategies, 

methods and techniques, delivery of instruction and evaluation of student 

achievement. 

▪ To examine whether the objectives have, in fact, been accomplished. The 

assessment means (e.g. diagnostic, formative and, specifically summative 

formats) tell teachers and students whether the objectives have been 

achieved. This way, feedback and remediation and motivational techniques 

can be put in practice. 

▪ To provide learners with a means to organize their own efforts toward 

accomplishment of intended objectives. This way, learning objectives 

formulation is helping learners to focus and set priorities. 

The acronym SMART is commonly used to translate what learning objectives should 

be: 

▪ Specific 

▪ Measurable/observable 

▪ Attainable (for target audience within scheduled time and specified conditions) 

▪ Relevant and results-oriented 

▪ Targetted at the learner and at the desired level of learning 

  According to Mager (Mager, 1984), useful learning objectives contain the following 

four components: 

▪ Audience: who is responsible for carrying out the activity. 

▪ Behaviour: what is expected the learner to be able to do. In this sense, a 

measurable verb needs to be chosen adequately. 

▪ Condition(s) (if any): the necessary conditions under which the performance is 

to occur. 
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▪ Degree: The acceptable level of performance for each objective. 

Starting with the degree component, it should use some objective criteria, for 

example, time limits, accuracy, among others. However, it does not always have to be 

defined when it is intrinsically deductible.    

Conditions can be formulated as follows, for example: 

▪ Given a list of ….. 

▪ With the aid of a calculator …. 

▪ Given the problem studied …. 

The behaviour component is the most complex of all as it should bridge the subject 

matter or content and what the student is expected to be able to do after completing an 

activity, be it a module, lesson or a small-grained activity. Some formats include: 

▪ After completing an activity, the student will be able to … 

▪ By completing the unit, the student will be able to … 

▪ At the conclusion of the course/unit/study, the student will be able to…  

Finally, "audience" embraces all actors that participate in the execution of an activity, 

whether this is a student or a teacher.  

The way a learning objective should be described assumes a crucial importance. To 

describe a desirable behaviour in a learning objective, it is very important to choose a verb 

accordingly. In this sense, some taxonomy should be used. Generally, the taxonomy of 

Educational Objectives by Benjamin Bloom and colleagues (Bloom, Englehart, Furst, Hill, & 

Krathwohl, 1956) is the most widely known objectives analysis.  

Bloom’s Taxonomy distinguishes between three major categories of objectives 

termed the cognitive domain, the affective domain and psychomotor domain. The first one 

leads to the acquisition of information, the development of cognitive skills and strategies 

and their application to new situations (knowing dimension). The second category deals 

with beliefs, attitudes, and values. It focus on personal adjustment, the discovery of the deep 

meaning of actions and events, the development of attitudes and interests, acquisition of 

values (feeling dimension). Finally, the third component deals with physical movements, 

such as ballet steps, on how to handle an electron microscope (physical dimension).  

Meanwhile, a revision of the original Bloom’s Taxonomy was carried out by Anderson 

and Krathwohl (Anderson, et al., 2001). One of the major differences between the original 

Taxonomy and the Revised Taxonomy5 is that the original taxonomy consisted of a single 

                                                 
5 In Appendix C, a complementary description of the revised Bloom’s Taxonomy is presented. 
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dimension (knowledge and cognitive processes were mixed). The revised taxonomy reflects 

a dual perspective on learning and cognition (knowledge and cognitive processes are now 

separated), i.e., in a statement of objectives, the noun component (subject matter content) 

and the verb phrase (the cognitive process(es)) are separated dimensions, the noun 

providing the basis for the Knowledge dimension and the verb forming the basis for the 

Cognitive Process dimension (Krathwohl, 2002).  

Having two dimensions to guide the processes of stating objectives, it leads to 

sharper, more clearly defined assessments and a stronger connection of assessment to both 

objectives and instruction (Airasian & Miranda, 2002). In combination, the Knowledge and 

Cognitive Process dimensions form a very useful table to classify objectives, activities, and 

assessment providing, therefore, a relevant framework to examine both curriculum 

alignment and missed educational opportunities. Based on this examination, teachers can 

take more informed decisions. According to Krathwohl (2002), the cognitive process entry 

in the bi-dimensional table provides a means to classify not only learning objectives, but 

also direct activities, assessments and strategies selection  In (Iowa State university, 1995) 

site an interesting 3D model can be found showing some examples of learning objectives 

supported by the revised model. Table 7 presents an example of a matrix of learning 

objectives. 

Next, an example of a learning objective is introduced along with a brief clarification 

of its components. 

“At the conclusion of the lesson, the student will be able to add numbers written in 

binary notation [without using any auxiliary tool]”.  

 

Table 7. Example of learning objectives insertion into the bi-dimension table 

The Knowledge Dimension 
The Cognitive Process Dimension 

Remember Understand Apply Analyse Evaluate Create 

Factual LO1      

Conceptual  LO2  LO3   

Procedural     LO4  

Metacognitive      LO5 

From the above example, various slots can be differentiated, namely: 

▪ Audience: For example 1st year students of the Informatics Engineering course. 

▪ Subject matter (knowledge dimension): binary numbers. 

▪ Behaviour (cognitive process dimension):  add. 
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▪ Conditions: “without using any auxiliary tool”. In this case, this expression is 

included in square brackets as it could be omitted once the restriction would be 

perceptible anyway.  

Finally, the “(write the solutions)” expression embraces a subtle aspect in the 

learning objectives design. The behaviour of an objective can be classified into “covert” and 

“overt” type. As mentioned in (Mager, 1984): 

▪ An Overt behaviour refers to any kind of performance that can be observed 

directly, whether that performance be visible or audible;  

▪ An Covert behaviour refers to performance that cannot be observed directly, 

namely performance that is mental, invisible, cognitive, or internal. 

If the performance happens to be covert, an indicator behaviour should be joined to 

the objective by which the main performance can be known. This way, the indicator should 

be kept simple, and as direct as possible. This is an important advantage for the assessment 

issue. 

 

 

In the specialized literature, learning design can be assigned different meanings:  

▪ Learning Design (capital “L” and “D”) as implemented in the IMS LD specification 

(IMSLD, 2003);  

▪ learning design as a broad general concept (the process); and  

▪ a learning design as a product of designing learning. The first of those 

perspectives is described in more detail in section 2.4.3, whereas the second and 

the third one are the focus in this section.  

Learning design is an educational concern for a long time. Its practical achievements 

in traditional educational settings are obvious. However, recent delivery formats 

demonstrate special attention on this subject, which is the case of the e-Learning 

community. In this particular domain, the first discussions and projects in the learning 

design field can be traced to the earlier 2000s. Conferences such as the Australasian Society 

for Computers in Learning in Tertiary Education (ASCILITE) had an important role in 

bringing to the stage important topics in this area. The concept of a system architecture for 

e-Learning to support standard forms of learning activities has stated those concerns 

(Laurillard, 2002). "The Reusable Learning Designs: opportunities and challenges" 

http://www.iml.uts.edu.au/autc/
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International Conference sponsored by the Australian Universities Teaching Committee 

(AUTC) is another example. The AUTC project aimed at maximizing opportunities for 

university teachers to create high quality, flexible learning experiences for students, and 

creating reusable resources based on generic learning designs (AUTC, 2003). Other 

initiatives have appeared with relevant work in the learning design area, namely the Center 

for Educational Technology, Interoperability and Standards (CETIS, 2003) forum and 

conference, the Joint Information System Committee (JISC, 2003), among others. 

J. Dalziel (2003) states that “learning design has the potential to revolutionize e-

Learning by capturing the “process” of education, rather than simply content”. According to 

Koper (2005), learning design is described: “as the application of learning design knowledge 

when developing a concrete unit of learning (UoL), e.g. a course, a lesson, a curriculum, a 

learning event”. As introduced by Cameron "Learning design aims at providing teachers with 

a framework capable to bridge the gap between rich, descriptive models and technologies, and 

the everyday practice and understanding of teachers.” (Cameron, 2009).  Shirley Agostinho 

(2011) refers to learning design as a “representation of teaching and learning practice 

documented in some notational format so that it can serve as a model or template adaptable 

by a teacher to suit his/her context”. In this sense, a learning design could be used as a way 

to share and model expert practice and, consequently, learning design can be viewed as a 

theoretical framework. In turn, Donald and his colleagues introduce the learning design as 

“learning design documents and describes a learning activity in  such a way that other teacher 

can understand it and use it in their own context. Typically it includes descriptions of learning 

tasks, resources and supports" (Donald, Blake, Giraut, Datt, & Ramsay, 2009).  

Two distinctive contributions of the learning design theoretical framework to current 

e-Learning theories should be mentioned: firstly, the framework is not limited to single 

learner contexts – it can describe both individual and group e-Learning tasks (such as 

discussion forums, chat rooms, etc.) rather than just single learner activities (such as 

content review and self-testing); Secondly, learning design allows for sequences of (single 

and multi-learner) activities to be formally described, and hence captured, stored, 

discovered, shared, re-used, and adapted (Dalziel, 2005). 

In short, learning design has the advantage of bringing to the stage several aspects in 

preparing teaching-learning scenarios. It has the potential to go beyond the learning 

content creation itself, and to proceed to the “process”. In other words, learning design 

helps to focus on the learning issue while the technological aspects come after. In turn, the 

contributions of new technologies to the learning design need also to be underlined once 

usual teaching-learning methods and pedagogies previously taken for granted can now be 

reconsidered (Beetham, 2007). Learning design is used to describe a learning experience 

supported by tasks students should be engaged to. For example, students may be 
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distributed into groups and required to discuss the relations between two given topics; or 

they may be asked to gather some information about a given theme, and write a report on 

that afterwards.  

Several challenges can be traced in this research field, namely how to bridge the gap 

between theoretical pedagogical models and real situations occurring in educational 

contexts.  

A learning design may be of any degree of granularity, ranging from a course to an 

individual activity. The design scope is determined by the learning objectives.   

In the literature, there is another competitive term for learning design, "design for 

learning" (Beetham, 2007, p. 10). It was introduced to emphasise that learning can never 

be wholly designed, only designed for (i.e. planned in advance) a specific learning situation 

focusing primarily on the activities undertaken by learners, and secondly on other 

elements, such as the tools or materials that support those activities. That premise 

confronts in some way with the learning design initial goal which is more oriented to 

learning activities sequencing, services and tools. Design for learning conception aims at 

sharing with learning design a central concern with learning activities and effective 

representations of pedagogical practices in order to facilitate reusing and sharing 

capabilities. The “Design for Learning” programme (JISC, 2006), which started in May 2006 

and was concluded in mid 2008, focused on the implementation of "design for learning" 

conception ensuring that the conceptual and practical implementation of this concept was 

informed by knowledge about effective pedagogical practice.  

Finally, one important issue triggers the attention of the learning design area: the way 

the required knowledge regarding a learning scenario can be represented. This includes 

tasks allocated to an activity, sequencing, roles, resources and services knowledge, and last 

but not least, effective pedagogical practice knowledge. All that sort of knowledge should 

be represented in a manner that enables teachers to make informed decisions when 

choosing and adapting learning activities.  This way, learning designs might be viewed as 

pedagogical artefacts that educators can reuse, share and deliver in a machine-

interpretable format. By all the above reasons, the development of learning design formal 

representations has been an emergent subject in the e-Learning community.  

 

A learning design may exist purely in the head of the teacher, however, efficient 

sharing and reuse can take place only if the representation is effective so that others can 

understand it (Falconer, Finlay, & Fincher, 2011). Conole (2009) points out those concerns 

by introducing the following questions: 
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▪ How can practice (and in particular innovative practice) be gathered and 

represented? 

▪ How can staff be aided or supported in creating learning activities which draw on 

good practice, making effective use of tools and pedagogies (support learning 

design)? 

Besides, there are a lot of aspects in the design process that concern the e-Learning 

community, such as (Conole G. , 2009):  

▪ What methodologies are appropriate to describe learning activities? 

▪ Which of them are representative, consistent, and useful? 

▪ What methodologies can be used to identify and represent the most significant 

features of an activity? 

▪ How can it be ensured that practitioners will easily understand any abstracted 

representation of learning activities? 

▪ What types of guides and support are useful for supporting the design process, 

and appropriate for the user's skill level? 

▪ How can it be decided between providing simple representations or guidance,  

and richer, detailed descriptions difficult to understand and time consuming? 

▪ What is the appropriate balance of providing real examples (how many, degree of 

detail, format, etc.) and abstractions? 

▪ Which context aspects are significant and, therefore, tie an activity to a particular 

context? 

 As mentioned before, learning activities can be translated into diverse 

representation forms. Conole (Conole G. , 2009) coined those representations as mediating 

artefacts as they emphasise their mediating role in terms of how they are used to mediate 

subsequent design activities. Figure 3 visualizes the relationship between a mediating 

artefact and other three components (context, pedagogy, and tasks) involved in designing 

an activity.  
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Figure 3. The relationship between mediating artefacts and learning activities adapted from (Conole G. , 2009) 

A mediating artefact may include: 

▪ a textually based narrative case study describing key features of the learning 

activity and enablers to this implementation; 

▪ a more formal narrative against a specific formal methodology such as a 

pedagogical pattern; 

▪ a visual representation such as a mind gap or formalized unified modelling 

language (UML use case diagram); 

▪ a vocabulary such as a taxonomy, ontology, or an evolving folksonomy; 

▪ a model foregrounding a particular pedagogical approach (such as instructivism 

or problem-based learning). 

Mediating artefacts can provide a useful help to practitioners for them to make 

informed decisions and choices in designing activities specificities. However, they differ in 

a number of aspects: 

▪ their presentation format (textual, visual, auditory, or multimedia); 

▪ their contextualization degree (from abstract to contextualized); 

▪ the level of granularity (i.e., the amount of details available within the mediating 

artefacts about the learning activity); 

▪ the degree of structure (flat vocabularies vs. typologies).  

For the last two decades, many learning design representations, or mediating 

artefacts, have been developed. They can be separated into two categories: those that can 

be processed automatically by a machine (the executable design) and those for teaching 

(the inspirational design) (Falconer & Littlejohn, 2008). The former is specified in explicit 

syntax and semantics inline with a re-using and sharing perspective whereas the latter 

usually has no specified explicit syntax nor semantics specified recurring to textual 
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descriptions and/or visual diagrams (Yongwu, Klink, Boon, Sloep, & Koper, 2009). In the 

first group, the following forms a representative set of design languages: 

▪ E2ML: Educational Environment Modeling Language (E2ML) (Botturi, 2006) is 

a visual language for the design of educational environments. It represents a 

learning design as a structured set of activities aimed towards achieving a set 

of defined outcomes. Communication and stimulating reflection among all 

stakeholders, designers, developers, and instructors are emphasised. 

▪ IMS LD: IMS Learning Design (IMSLD, 2003) represents a learning design as a 

sequence of activities, including roles, resources and services. It is a 

pedagogy-neutral learning design language that can be used to describe a 

wide range of pedagogical strategies with a computer-executable approach. 

▪ LAMS: Learning Activity Management System (LAMS, 2002) allows a visual 

representation of collaborative learning activities to support teachers in their 

design and implementation as well. LAMS is the core representation used in 

the tool of the same name. 

▪ FLEXO: FLEXO language (Dodero, del Val, & Torres, 2010) is an abstract, 

extendible language used to specify the learning design of a course. 

Concerning the teacher oriented learning design languages, some examples are:  

▪ LDVS: The Learning Design Visual Sequence (Agostinho, Harper, Oliver, 

Hedberg, & Wills, 2008) documents a learning design in a visual way by 

illustrating the chronology of tasks, resources and supports using symbols for 

each of the three learning design elements (squares/rectangles for tasks, 

triangles for resources and circles for supports). A time period for the 

learning design and intended learning outcomes are also included. The LDVS 

is the core representation used by the University of Wollongong LDTool. 

▪ LDLite: LDLite (Falconer & Littlejohn, 2006) documents a learning design in a 

tabular form and it is based on IMS LD elements. It allows teachers to design 

both face-to-face and online activities (i.e. blended activities). 

▪ 8LEM: the Eight learning events model (Verpoorten, Poumay, & Leclercq, 

2006)  is a pedagogical reference framework used for helping teachers and 

trainers design and develop their own courses and activities on the Internet.  

It is composed of 8 documented teaching-learning events.  

Despite all the achievements, there still are diverse pending issues concerning the 

representation and use of learning designs (Falconer & Littlejohn, 2006) . They include: 

▪ Difficulty in describing in unambiguous ways; 

http://www.ld-grid.org/resources/tools/wollongong-ldtool
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▪ Difficulty in describing outside the classroom contexts because there is still 

some uncertainty about which aspects need to be described; 

▪ Difficulty in describing at a micro-level (e.g. Problem-based learning), 

although descriptions at a macro-level are often well-done; and 

▪ Lack of shared understanding among practitioners. 

In order to call educators' attention, learning designs should be more than direct 

representations of sequential learning activities, resources and services. Learning designs 

need to capture, represent, and share intrinsic aspects of teaching if teachers are to adopt 

new technology-based teaching methods with confidence (Falconer, Finlay, & Fincher, 

2011). Teachers value the easy use of learning representations that can be customized and 

adapted to their needs. In addition, guidance facility is also proved to be an important 

feature in design tools. Guidance can be linked to different purposes, for example, to choose 

or adapt teaching-learning strategies, methods or techniques to support contextualized 

teaching-learning scenarios design. Lately, various promises have emerged to deal with 

these challenges, including templates, toolkits, practice models, and design patterns. 

Templates or how-to-wizards come together with most commercial software to guide 

the educator through the design process. In general, different types of learning activities 

can be selected and organized following the practitioners’ needs. The LAMS and COLLEGE 

authoring tools are such examples.  

In turn, toolkits provide a structured logically layered approach of increasingly 

detailed information the educator can follow up. In addition, the time required to plan the 

work is significantly reduced.   

With respect to practice models and patterns they both provide more abstract forms 

of representations (Conole G. , 2007). Practice models are defined by JISC as “generic 

approaches to the structuring and orchestration of learning activities. They are abstractions 

of common learning designs which express elements of pedagogic principle and allow 

practitioners to make informed choices” (JISC, 2006a).  

Practice models are grounded in authentic practices, such as case studies and/or 

examples of real situations, being then translated into generic learning designs. 

Indeed, the use of practice models as representations of practice has not revealed to 

be very effective, indeed. As mentioned by Falconer and her colleagues (2011), “practice 

models might provide teachers with the information needed to orchestrate learning activities 

and resources, however they generally fail to inspire them to change their teaching practice, 

possibly because of the lack of contextual information”. In other words, it can be affirmed that 

practice models might represent effective practice, i.e. sequencing and orchestrating 

activities, but are not the best means to translate effective representations of practice.   
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With regard to design patterns and pattern languages, they are supposed to describe 

many types of the design problem-solution pair, including aspects of teaching practice 

knowledge, therefore, being more flexible than a practice model (Falconer, Finlay, & 

Fincher, 2011).  

As described in (Finlay, et al., 2009), a pattern “describes an effective solution to a 

recurrent problem embedded in a specific context and it is characterized by being drawn from 

successful practice rather from theory". 

As mentioned before, a pattern is a solution to a recurrent problem in a context. 

Describing the context for the problem and its solution avoids over generalization. In 

addition, patterns should also teach. They should be written in such a way that they help 

the reader understand enough about the problem-solution pair, providing adaption to meet 

his/her own needs. In other words, patterns capture reusable knowledge about a 

contextualized problem and its associated, broadly accepted solution (Hernández-Leo, 

Asensio-Pérez, Dimitriadis, & Villasclaras-Fernández, 2010). The use of patterns can, then, 

be seen as a way of bridging on the one hand, philosophy, values, theory, empirical evidence, 

and experience and on the other hand, the practical problems of design (Goodyear, 2005). 

As previously defined by Christopher Alexander in the architectural domain, a 

pattern “describes a problem which occurs over and over again in our environment describing 

the core of the solution to that problem, in such a way that you can see this solution a million 

times over, without ever doing it the same way twice” (Alexander, et al., 1977).  In other 

words, a pattern provides a means of organizing information regarding a contextualized 

common problem, and the essence of its broadly accepted solution, so that it can be 

repetitively applied. A collection of interconnected (related) patterns which enable the 

generation of a coherent whole is called pattern language (Hernández-Leo, 2007).  

Christopher Alexander was a pioneer in employing patterns to communicate good 

practices in the construction of towns and buildings, using architectural design and 

arrangement techniques (Alexander, et al., 1977). His work has provided a useful guidance 

in the architecture area without constraining creativity (Goodyear, 2005). Besides the 

Architecture field, the word “pattern” has also been introduced in the field of software 

engineering - where it has been used to capture and share aspects of software engineering 

experience, and as a way of representing successful models for the implementation of 

information systems (Goodyear, 2005). Recently, the e-Learning domain is moving toward 

using patterns and scripting based on patterns. A very popular use of those matters is on 

the construction of scripts for computer supported collaborative learning (CSCL). The huge 

set of collaborative techniques  (e.g. Informal Group Discussion, Round Table Discussion, 

Brainstorming, Debate, Jigsaw, Role Play, Pyramid, among others) constitutes a good 

knowledge ground to be used into patterns for the creation of effective CSCL script 
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(Hernández-Leo, Asensio-Pérez, Dimitriadis, & Villasclaras-Fernández, 2010). These scripts 

are intended to highlight the occurrence of pedagogically desirable interactions. The ones 

that do not produce relevant interactions should be discarded. A CSCL script may contain 

several elements, namely specifications of (1) individual and group activities, (2) the 

sequence of activities, (3) the necessary roles and responsibilities, (4), any required 

resources, and (5) the rules regulating the variations of a script during run-time 

(Dillenbourg & Tchounikine, 2007). Both diversity and the granularity degree of knowledge 

implied in scripts facilitate the emergence of scripting languages and models (Miao, 

Hoeksema, Hoppe, & Harrer, 2005), (Hernández-Leo, Asensio-Pérez, Dimitriadis, & 

Villasclaras-Fernández, 2010). 

Dillenbourg and Tchounikine (Dillenbourg & Tchounikine, 2007) call special 

attention to the flexibility versus the mechanized behaviour in the script approach. A script 

should be adaptable by students and/or teachers in such a way that “teachers should be able 

to deal with and/or take advantage of the characteristics of the way the script is enacted and 

students should not be unnecessarily constrained if they organize themselves in a way that 

slightly differs from the script” (Dillenbourg & Tchounikine, 2007).   

Finally, following all the achievements studied through the DialogPlus tool, G. Conole 

(2009) mentioned that some studies suggest that course designers are more driven by 

pragmatic needs than by pedagogical theories. Their concern is to find solutions for 

pragmatic needs such as how to design an activity which will engage a particular group of 

students; How to use a particular set of resources; How to get across key concepts. In 

addition, as part of the LADiE project, it was revealed that most of the learning activities fell 

within a narrow range of pedagogical approaches, which seems to mean that course 

designers are unable to "think outside of the box". 

 

The need for formal languages to describe learning designs capable of being 

understood by machines has become a mandatory subject in the e-Learning domain. In 

general, learning designs should be described in a way to be reusable, sharable, 

interoperable and adaptive. Several projects in different universities and other 

organizations around the world are committed to develop specifications and standards in 

the learning design domain, e.g., IMS Global Consortium (IMS-GLC, 2001), SynergiC3 

(SynergicC3, 2011) and TENCompetence (TENCompetence, 2009), among other initiatives 

(Koper R. , 2006). 

The IEEE Learning Object Metadata (LOM) (IEEE, 2009) and the IMS LD specification 

(IMSLD, 2003) are two relevant examples of communication languages for that purpose. 
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Their use promotes the development of new technical architectures in addition to enabling 

the move towards a service-oriented approach for the development of software and true 

interoperability purpose (Conole G. , 2007). The IMS LD specification has been proposed as 

a step ahead of the acknowledged Learning Object (LO) technology (Oliver & Tattersall, 

2005).  

With respect to the IMS LD, its initial work can be traced to 1997 almost 

simultaneously with other research work carried out by Rob Koper and his colleagues at 

the Open University of the Netherlands (OUNL) (Koper E. , 2001). They conceived the 

Educational Modelling Language (EML), a formal language for describing learning 

scenarios. Their expertise in Learning Technologies foster their participation in the 

working group Design Working Group (DWG) created by IMS. By that time, the EML was 

already a very complete and mature language, being accepted by the DWG as the basis for 

developing the IMS LD specification in August 2001 (Oliver & Tattersall, 2005, p. 22). 

EMLs are notations that allow instructors to formally describe educational processes, 

including teaching and learning interactions, activities, tools needed to represent the 

activities, resources, services, and the user roles. EMLs are concerned with model learning 

units in accordance with different pedagogical approaches (Koper & Manderveld, 2004).  

As mentioned before, IMS LD is an improvement of the EML originated in OUNL, 

which is focused on the design of individual and group learning activities. This specification 

has been adopted as the computational EML reference (Caeiro-Rodríguez, Anido-Rifón, & 

Llamas-Nistal, 2010).  

The IML LD specification is pedagogically neutral and provides a means for defining 

diverse learning designs (e.g. collaborative learning, problem-based learning, blended 

learning).  

The specification is a very detailed document intended for software developers 

whose aim is to develop proper design tools and systems that implement IMS LD. In order 

to hide the specification complexity from the instructional designers, the creation of high-

level design tools has become mandatory. It has been a huge challenge in the e-Learning 

community since ever.  IMS has developed a set of documents for its specification, namely  

an Information Model, a Best Practice and Implementation Guide and an XML Binding 

document. The first one describes the conceptual model and data structures, as well as the 

behavioural model and runtime behaviour. The second describes how to implement the 

specification, considering both examples of structured learning scenario narratives and 

corresponding XML documents. It also provides an implementer’s guide. The third and last 

provides detailed information on each of the elements in the specification’s XML binding.  
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IMS LD embeds and generalizes other IMS specifications, including the Metadata 

(MD), the Simple Sequencing (SS), the Content Packing (CP), the Competencies, Objectives 

and Prerequisites (RDCEO), the Questionnaires and Tests (QTI), and the Learner Profile 

(LIP). 

The IMS LD specification provides a generic and flexible modelling language to 

develop educational designs in a machine-readable format. This formal framework 

describes several components, namely metadata, roles, plays, acts, environment, role-parts, 

sequence of activities and conditions, which are conditioned in three levels, specified in 

Figure 4. 

 

 

Figure 4. Levels in the IMS LD 

Briefly, level A describes elements required to express a static LD, i.e., a predefined 

structure of activities and roles in the activity. As for level B, it provides mechanisms to 

describe the dynamic adaptations that can occur in the learning flow, namely learner 

modelling, fine grained process control, and personalization and adaptation features 

(Gruber, Glahn, Specht, & Koper, 2010). These mechanisms are conducted by properties 

and conditions added to the level A. 

The conditions are triggered during the activity running phase. Finally, level C defines 

the kinds of notifications that can be issued to enable the running of course activities. All 

these components are described in a manifest file and packaged along with content 

resources in a UoL for each activity or course (Dodero, Ruiz-Rube, & Palomo-Duarte, 2012) 

(see Figure 5). 
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Figure 5. The structure of a UoL (Oliver & Tattersall, 2005) 

The activity concept comprises the core element in the IMS LD level A. Activities are 

of three types: learning activities, support activities and activity-structures. Learning 

activities are supposed to be engaged by students whereas support-activities are more staff 

oriented. Activity-structures aggregate activities and/or other (sub)activity-structures. 

These activities can run in sequence or selection. The former indicate that the elements 

should be presented in sequence, separately, to each learner. The latter value indicates that 

the player should provide some mechanism, such as a menu or navigation tree, which 

allows the user to choose from a predefined list.  

The activity element includes a description and an environment. The latter is reached 

through a reference link and may include both services and/or learning objects (web pages 

or other content, Content Packages, SCORM objects (LETSI, 2009), QTI-compliant tests, 

etc.). A learning object refers to a document (e.g., HTML, PDF, slides, questionnaires) or 

URLs. This way, it is possible to make reference to any kind of resource accessible on the 

Web (e.g., an intelligent tutoring system). Regarding the services, they are categorized as 

follows: send-mail, conference (e.g., a chat, a bulletin board, a whiteboard, a video-

conference), index-search and monitor. These services must either be provided by the 

player, or be separate services that are linked to by the player, i.e., they do not have to be 

bound to a specific location (e.g., URL) during the design of the UoL, but they can be bound 

after the design. This feature allows allocating different instances of the same service 

depending on the context where it is carried out.  
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In the running phase, a learner or a staff member can run the activity according to 

her/his assigned role. When an activity is assigned to a role, it means that the activity is 

assigned to each person playing that role. Activities and roles are associated by means of 

role-parts, which are instantiations of links between a role and an activity running within 

the method element of the IMS LD. Roles can be of two types, learner and staff, which in turn 

can be specialized (e.g., tutor, facilitator, mentor). In addition, it is possible to model groups 

because roles can be nested containing several sub-roles (Caeiro-Rodríguez, Anido-Rifón, & 

Llamas-Nistal, 2010). The method element holds the workflow or ‘learning flow’ for the 

learning design. This is where the coordination of people and activities takes place. This can 

be described using the metaphor of a theatrical play, where actors (students, teachers 

among other participants/roles) perform as expected by the script (that is, tasks to be 

performed during a learning activity episode). 

The method structure includes plays and acts. A play, as in a theatrical play, consists 

of acts, although there can be one-act plays. Each act has to be made up of one or several 

role-parts (a pair that assigns a role to perform an activity). The plays of the method can be 

carried out concurrently. Acts of a play run in sequence. Role-parts of an act can be carried 

out concurrently. In this way, it is possible to indicate which activities of a UoL have to be 

carried out in sequence and which activities can be carried out in parallel.  A play ends when 

the last act is finished. The transition from one act to another serves as synchronization 

point for the multiple participants in a course of action, ensuring that all can start the next 

act at the same time. By that time, it releases a new set of activities and materials to all 

participants in the new act’s role-parts at the same time. It does not necessarily mean that 

those who have not finished their current activity are forced to move on, as, by default, all 

earlier activities and resources should continue to be made available. A designer could 

choose to create a condition whereby some or all previous material is made invisible. If a 

given learning scenario does not require such points, then it can be designed with a single 

act.  

As mentioned before, level B provides the dynamic part of the IMS LD, which is used 

to adapt the learning process flow. A learning design may include adaptations of the 

learning flow of activities through the use of properties that represent values on the 

branching decisions to be made, conditions to express combinations of conditional clauses 

on which the learning flow can branch, and show or hide elements to select the visible 

activities of each branching flow.   

The notification operation inherent to level C can be used to send an activation signal 

to an activity (namely, the activity is initiated), or a message to a subject to inform it about 

a certain issue (e.g., to inform the teacher that a learner has finished the lab practice). Figure 

6 summarizes the basic structure of the IMS learning-design element.  
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Figure 6. The basic structure of the learning design element (Oliver & Tattersall, 2005) 

IMS LD has an obvious focus on collaborative learning.  Collaborative activities can be 

supported by asynchronous and synchronous means. The former is performed at any time 

any place using asynchronous tools, such as, wiki, forum, e-mail, whereas the latter implies 

that all participants are present at the same time, regardless of the place they are. Different 

tools can be used including chat, audio/video-conference, online whiteboard. 

Asynchronous collaboration has been dominant in recent years. However, online 

synchronous collaboration has been gaining an important role in education (Turani, 2007).  

The strengths of IMS LD lie in specifying personalized and asynchronous cooperative 

learning scripts (König & Paramythis, 2012), even though it was claimed that IMS LD can 

formally describe any design of teaching-learning processes for a wide range of pedagogical 

approaches (Koper E. , 2001). 

In contrast, IMS LD provides insufficient expressiveness to support adaptive learning 

(Miao, Hoeksema, Hoppe, & Harrer, 2005), (Caeiro-Rodríguez, Anido-Rifón, & Llamas-

Nistal, 2003), (Turani, 2007), and (König & Paramythis, 2012). 

The following items concern the criticisms made: 

▪ The language provides limited support to model inter-/intra group-based 

collaboration and, specially, synchronous collaborative learning. For instance, the 
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roles are assigned to persons before running a UoL, keeping those assignments 

unchanged within the life cycle of a run. 

▪ The specification of services is inflexible in respect to communication and 

collaboration capabilities (e.g., chat, wiki, whiteboard). 

▪ All artefacts (e.g. a vote, an answer, an argument) generated in a run are only 

modelled by the property element, and consequently, all their attributes are 

modelled as properties as well. This mechanism is not an easy task for 

instructional designers, unless they are technical experienced designers. 

▪ The non-linear relations among activities have been found to be constraining and 

difficult to understand. 

▪ A very limited event model and an entirely missing run-time model allow for only 

rudimentary support for monitoring state changes and triggering adaptations. 

▪ There are only very few and basic primitives for modifying a collaboration 

process at run-time. 

▪ It is not easy to modify a learning design to create a different one, with some 

minor changes, and in this way, the reusability feature is a limitation. 

Finally, in order to enhance effective collaboration designs, some initiatives have 

emerged lately. They include: 

▪ Beehive (Beehive, 2011). With Beehive, an instructor can create a 

synchronous collaboration space on the fly. It is optimized for a particular 

type of online learning activity (i.e. group discussion, brainstorming session, 

debate, etc.). Beehive is standard-based, and utilizes the IMS Learning Design 

specification with extensions, for describing its learning activities. 

▪ A collaboration script language (Miao, Hoeksema, Hoppe, & Harrer, 2005) to 

formalize collaboration scripts. The CSCL script consists of a set of roles, 

activities, transitions, artefacts, and environment feature. It has attributes 

such as learning objectives, prerequisites, design rationale, coercion degree, 

granularity, duration, target audience, learning context, script-specific 

properties, and generic information. Among other features, both persons and 

groups can take a role. In turn, a group can have subgroups. 

▪ Advanced collaboration scripts (König & Paramythis, 2012). The authors 

present some extensions to IMS LD for supporting advanced adaptivity 

features, namely adapting control flows; controlling adaptations on a 

metamodel; human involvement in adaptation decisions; “transational” 

action processing; loops and branches for controlling the course of action; 
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declaration of re-usable action sequences and complex expressions; and, 

mechanisms for exception handling.  

 

Design tools are crucial to support educators in designing activities. In general, the 

easier a design tool is, the more likely is to be used. The early authoring design tools have 

proven to be difficult to be used by educators as the inherent metadata languages and the 

learning design process itself revealed huge proximity. The learning designer, the teacher 

in particular, avoids being involved in complex schemas or languages descriptions in order 

to see their goals attained (Dodero, Tattersall, Burgos, & Koper, 2008) (Dodero, Ruiz-Rube, 

& Palomo-Duarte, 2012). Despite the emergence of new design tools, it happens that those 

tools in general are not used by teachers, despite being designed following good 

pedagogical principles. Three main reasons can be pointed out: 

▪ Information overload by means a substantial help ‘on the fly’, which can bring 

extra ‘noise’; 

▪ Understanding of metadata, which make it difficult and time consuming to design 

activities; 

▪ The lack of reusing and platform independency features. 

To tackle the effects of these issues, among others, design tools need to incorporate 

high-level characteristics. Some examples are: 

▪ Use of templates, patterns technologies to guide teachers in designing teaching-

learning scenarios; 

▪ Use of learning design output languages to promote reusing and interoperability 

features; 

▪ Automatic recommendations to assist teachers to make informed decisions.   

Nowadays, a relevant set of design tools can be found in the specialized literature and 

online. Table 8 resumes the main features of some relevant tools in this domain. 
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Table 8. Identification of relevant tools for designing activities  

Name Developer Typology 

CompendiumLD Open University and JISC Open-source; cross-platform; no translated 
language. 

MOT+LD Téluq Université, University of 
Quebec 

Open-source; IMS LD compliant (level A and B). 

ASK-LDT University of Piraeus, Greece IMS LD compliant (level A and B); IEEE LOM support; 
IMS Content Packing support; SCORM compliant. 

LAMS Macquarie University, Australia Open-source; IMS LD compliant 

COLLAGE University of Valladolid, Spain Open-source; IMS LD compliant (level A) 

Recourse TENCompetence Open-source; cross-platform; IMS LD full compliant 

LPCEL Tecnológico de Monterry, 
Querétaro, Mexico; University of 
Carlos III, Madrid, Spain; 
University of Cadiz, Spain 

Several own formalisms; LPCEL language 

FlexoLD University of Cadiz Proper target language. IMS LD compliant (level A 
and B) 

e-LD Complutense University 
of Madrid 

IMS LD compliant (level A and B) 

GLM University of Vienna, Austria IMS LD compliant (level A and partially B) 

The main characteristics of the mentioned tools are further described below:  

▪ LAMS: This is an open-source software, developed by Macquarie University 

(LAMS, 2002). This tool enables teachers to design a sequence of learning 

activities for learners, including content and collaborative tasks. The LAMS 

provides environments for user administration, student run-time delivery of 

sequences, teacher run-time monitoring and tracking of learner progress, and 

teacher authoring/adaptation of sequences.  

▪ COLLAGE: Collaborative Learning Design Editor (COLLAGE, 2006). It is a high-

level specialized learning design authoring tool for collaborative learning. This 

tool enables teachers to design their own (collaborative) learning designs starting 

with existing patterns named Collaborative Learning Flow Patterns (CLFPs). It 

allows a designer to configure a design pattern starting with existing patterns 

(Hernández-Leo, 2007), which represent best practices repetitively used by 

practitioners when structuring the flow of (collaborative) learning activities.  The 

output follows the IMS LD format.  

▪ ReCourse: ReCourse design tool (Recourse, 2010). It is a high-level tool to create 

sequences of learning activities which output is a Unit of Learning (UoL), a  full 

compliant with IMS LD specification.  Those elements can be published and 

populated with leaners directly from the editor. Access to repositories is also 

available. 

▪ MOT+LD: MotPlus Learning Design Editor (Paquette, Léonard, & Lundgren-Cayrol, 

2008). It helps teachers build IMS LD compliant and interoperable units of 

learning. It allows to develop models of knowledge, competences, pedagogical 

http://www.open.ac.uk/
http://www.jisc.ac.uk/
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structure, materials and delivery which are eventually transposed to concrete 

IMS LD UoLs. This tool is an upgrade of the MOT editor with advanced graphic 

editing capabilities (font, color, disposition on a page, etc).  

▪ ASK-LDT: Learning Design tool (ASK-LDT, n.d.) provides a graphical user interface 

for the design and sequencing of learning activities following the IMS Learning 

Design Specification (IMS LD)   (Sampson, Karampiperis, & Zervas, 2005). 

▪ CompendiumLD: A tool for the Compendium Methodology (CompendiumLD, 

2010). It is a high-level graphical tool for designing learning activities, starting 

from the learning outcomes and all the way through to task timing using a flexible 

visual interface. Learning designs can be annotated (by the owner or other 

colleagues) by adding captions to each icon, specifying further details of the 

activity at that point, or asking questions. In addition, learning designs can be 

shared in a variety of ways, from simple diagrammatic “jpeg” image files through 

to interactive web friendly versions of learning design maps (Conole, et al., 2008).  

▪ FlexoLD: FlexoLD tools (Dodero, del Val, & Torres, 2010). The visual editing tool 

provides a visual language specification intended to represent activities, 

resources, adaptations and user roles of a learning design.  That language 

provides instructional designers with a source abstraction to edit those elements. 

The output of the visual language is a text file described in an intermediate 

language. From that, a set of target languages can be generated. The authoring 

tool follows a forward and reverse engineering approach, in which text-based 

course specifications can be generated from visual designs and vice-versa.    

▪ LPCEL Editor: Learning Process Composition and Execution Language Editor 

(Torres, Resendiz, Aedo, & Dodero, 2014). This design tool allows to describe 

complex learning scenarios using dynamic flow structures, resources and 

services, as well as the definition of the execution stage for the learning scenario. 

Several actors can collaborate in the design process, more precisely, instructional 

designers, teachers and graphical designers. This tool encompasses five main 

components: the Visual Editor, Intermediate Representation, Learning Patterns, 

the Collaboration scheme and Use of web services.    

▪ GLM: Graphical Learning Modeller editor (Neumann & Oberhuemer, 2009). This 

is a visual editor that delivers IMS LD conformant UoLs. Its graphical interface 

with drag and drop allows easy set up of learning designs. Level B elements of IMS 

LD specification are hidden inside interactions or add-ons, which are predefined 

evaluation activities for text work, uploading files, question and answers and 

multiple-choice tests.   
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▪e-LD: e-LD Author and support tools (Martínez-Ortiz, Sierra, & Fernández-

Manjón, 2009). It provides a graphical notation for the authoring process of UoLs 

(level A and B). It also provides support for the analysis of preexisting UoL, 

allowing instructors to evaluate whether it meets some of the objectives of the 

course’s learning design. The e-LD Author provides support to the translation 

process from the authoring EML to the exchange EML, that is, the construction of 

a valid IMS CP and the publication of the UoL in an IMS LD Player. Using this 

support, the author can export the new UoL to an IMS CP and then publish this 

UoL in an IMS LD Player. 

In short, a larger number of activities design tools have been developed in the last 

decade. Most of them follow a standards-compliant approach.  The use of proper 

Educational Modelling Languages, specially, the IMS LD specification, is used regularly. It 

can also be noted that there are important aspects that need to be treated to motivate 

teachers in using those tools, namely, reusing, and interoperability along with proper 

recommendations to help teachers in effective and adequate decisions.  

 

This chapter was devoted to describing the foundations and the main concerns of 

learning design domain in the e-Learning context. The underlined subject can be traced to 

the design of activities in a helpful and friendly way supported by computer-based systems 

taking into account diverse operational aspects, namely utility, usability, interoperability, 

and sound pedagogical practices. Relevant learning theories, teaching-learning strategies, 

methods and techniques were identified as well as related taxonomies. In addition, a 

learning objective formalism was presented for the scope of this work. In addition, it was 

noticed that design tools need to incorporate high-level features to motivate teachers in 

using them. Templates, scripts, and automatic recommendation mechanisms can play a 

relevant role for teachers to make informed decisions. Finally, diverse tools were also 

presented in this context. Based on the research carried out, it was enabled, on the one hand 

modelling two core concepts, namely activity and technique (further described in chapter 

4), and, on the other hand allowed to devise a recommender mechanism for techniques. 





 
 

In this chapter, a theoretical overview of the ontologies domain and 

recommender systems is presented. As to the former, diverse aspects are 

addressed, namely, definitions, components and types of ontologies, design 

principles, development tools, ontology languages, and application areas, 

including e-Learning. With respect to recommender systems, related 

definitions are introduced. Then, the most common techniques and their 

related characteristics are described. Diverse examples of software 

applications are presented as well.  The mentioned areas represent relevant 

research strands in the Artificial Intelligence area, and currently have also 

triggered much attention in the e-Learning community.  

 

In recent years, the ontological approach has become very popular in Computer 

Science. Its popularity can be attributed to the fact that an ontology provides a shared and 

common understanding of a specific domain that can enable communication between 

people and software applications (Fensel D., 2001). Computational ontologies are a means 

to formally model the structure of a system. 

 

There are various definitions of ontology in the literature. T. Gruber (1993) originally 

defined ontology as an “explicit specification of conceptualization”. A narrow definition was 

introduced by W. Borst (1997), defining ontology as a “formal specification of a shared 

conceptualization”. This definition expresses, on the one hand, that the conceptualization 
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should be expressed in a formal format to be machine readable, and on the other hand, that 

the sharing view prevails over the individual view. Studer et al.  (1998) stated that “an 

ontology is a formal, explicit specification of a shared conceptualization” joining the two 

previous definitions main characteristics. The words "conceptualization", "shared", 

"explicit" and "formal" deserve special attention (Guarino, Oberle, & Staab, 2009): 

▪ Conceptualization: this means that an ontology has a universally represented 

knowledge such as “the objects, concepts, and other entities that are assumed to 

exist in some area of interest and the relationships that hold among them.” 

(Gruber T. , 1995), (Gruber T. , 1993). 

▪ Shared: it indicates that an ontology should capture consensual knowledge 

accepted by the communities. 

▪ Explicit: it refers to the need to specify the required conceptualization explicitly 

using specific symbols to represent the domain, including relationships among 

concepts. A conceptualization can be explicitly specified in two ways: 

extensionally and intentionally (Guarino, Oberle, & Staab, 2009) . 

▪ Formal: it refers to the grounding of representation in well understood logic. In 

addition to, any ontology should be machine-processable.  

Typically, an ontology consists of a hierarchy of terms and the relationships between 

these terms, as shown in Figure 7. The terms denote important concepts (classes of objects) 

of the domain whereas relationships include hierarchies of classes. Basically, a hierarchy 

specifies a class C to be a subclass of another class C’ if every object in C is also included in 

C’. 

Ontologies may include: 

▪ Relationships (ex: “all academic staff are staff members”); 

▪ Properties (ex: ”X teaches Y”); 

▪ Value restrictions (ex: “only faculty members may teach courses”); 

▪ Disjointness statements (ex: “faculty and visiting staff are disjoint”); and 

▪ Specifications of logical relationships between objects (ex: “every department 

must include at least ten faculty members”). 

 



Ontologies overview  

 - 51 - 
 

 

Figure 7. A possible hierarchy for the university domain (Antoniou & Harmelen, 2008, p. 11) 

The ontology community distinguishes ontologies that are mainly taxonomies from 

those that model the domain in a deeper way and provide more restrictions on domain 

semantics. The former is called lightweight and the latter heavyweight ontologies. 

Lightweight ontologies include concepts, taxonomy of concepts, relations between concepts 

and properties that describe the concepts, whereas heavyweight ontologies add axioms to 

lightweight ontologies (Malucelli, 2006). An axiom is used to impose constraints on the 

values of classes or instances, so axioms are generally expressed using logic-based 

languages such as first-order logic. Axioms can also be used to verify the ontology 

consistency (Taye, 2010). 

In order to model either lightweight or heavyweight ontologies, different modelling 

techniques supported by different languages and tools can be used.  

 

Ontologies in general include primitive constructs which are resumed as showed in 

Figure 8. 

Those components can be described as follows:    

▪ Concepts (also known as a class or a term): They are created for modelling the 

concepts of the domain or task. This component is represented in a non-linear 

data structure like a tree structure, providing simple and multiple inheritances. 

This structure is also known as a taxonomy.  Classes can be concrete or abstract. 

The former may have direct instances whereas the later may not (Malucelli, 

2006).   
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▪ Attributes: They represent the concepts features. They are usually distinguished 

from relations because their range is data type (e.g., integer, string, boolean).  

▪ Relations: They describe the way individuals/instances relate to each other.  

They can be expressed directly between individuals (e.g., “this document has as 

author Dulce Mota”) or between concepts ("a document has a person as author"). 

▪ Functions: These are a special case of relations in which the n-th element of this 

relationship is unique for the n-1 preceding elements. An example of a function is 

Price-of-a-used-car, which calculates the price of a second-hand car depending on 

the car-model, manufacturing date and a number of kms (Pérez & Benjamins, 

1999) . 

▪ Constraints and Axioms: Constraints provide a bound or restrictions in both 

static and dynamic systems, and objects. Constraints may represent concrete or 

inferred knowledge. Every axiom is a constraint. An axiom is  used to model 

sentences that are always true (Sharman, Kishore, & Ramesh, 2004). 

▪ Instances (also known as individuals): A  class can be instantiated forming 

instances. They represent the “ground-level” component of an ontology, i.e., they 

are specific elements which represent a specific object of a class. New instances 

can be created and values can be assigned to the attributes and to the relations. 

 

 

Figure 8. Ontology Components (adapted from (Sharman, Kishore, & Ramesh, 2004)) 

In addition to ontology components, there is the ontology formalisms topic, which is 

introduced in the next section.  
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A common classification of ontologies divides them into informal, semi-formal and 

formal representations as showed in Figure 9. 

 
 

 

Figure 9. Common ontology categories (adapted from (Sharman, Kishore, & Ramesh, 2004)) 

An informal language is expressed in natural language and therefore it is very hard to 

be machine-interpreted. Semi-formal representations are expressed in an artificial and 

formally defined language (e.g. RDF graphs).  A formal ontology is one that provides 

meticulously defined terms with formal semantics, theorems and proof of properties such 

as soundness and completeness (e.g. Web Ontology Language [OWL]) (Taye, 2010).  

Ontologies can be categorized as being either top-level or domain or task or 

application (Guarino N. , 1998): 

▪ Top-level ontologies: These ontologies describe generic concepts or common-

sense knowledge independently of a particular domain or problem. A top-
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level ontology defines fairly abstract categories of time, space, event, action, 

etc. 

▪ Domain ontologies: These ontologies describe the vocabulary related to a 

generic domain like medicine.  

▪ Task ontologies: A task ontology describes generic tasks or activities, e.g. bank 

transactions, diagnosing and selling. 

▪ Application ontologies: An application ontology describes both a particular 

domain and a particular task, that is, it is a combination or specialization of 

task and domain ontologies, where entities may be characterized by their 

roles. 

The boundaries between the above explained categories are often difficult to trace 

and in that sense a specific ontology may overlap multiple categories (Sharman, Kishore, & 

Ramesh, 2004).  

Several other examples of ontologies categorizations can be found in specialized 

literature, like (Malucelli, 2006) and (Cardoso, 2007).  

 

Some design criteria and principles can be set in order to conceive an ontology. 

Gruber (1995) proposes the following five principles: 

▪ Clarity: An ontology should provide objective definitions and also natural 

language documentation. 

▪ Coherence: This principle aims to conduct inferences that are consistent with the 

definitions. The definitions cannot contradict each other. If a sentence that can be 

inferred from the axioms contradicts a definition, then the ontology is incoherent. 

The very same reasoning should be applied to concepts defined informally, such 

as the concepts described in natural language documentation. 

▪ Extendibility: An ontology should be designed to anticipate the use of shared 

vocabulary, which means that new general or specialized terms should be 

included in an ontology in such way that it is not necessary to revise existing 

definitions.  

▪ Minimal encoding bias:  The conceptualization should be specified at the 

knowledge level independent from a particular symbol-level encoding. Encoding 

bias should be minimized because knowledge-sharing agents sharing knowledge 
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may be implemented in different representation systems and styles of 

representation. 

▪ Minimal ontological commitments: an ontology should require a minimum 

ontological commitment to support the intended knowledge sharing activities. 

Some other principles can be added to the previous list, such as ontological distinction 

principle, modularity, minimization of the semantic distance between sibling concepts, and 

standardization of names (Pérez & Benjamins, 1999). 

 

Tools play an irreplaceable role in ontologies development. Their features determine 

their selection by developers.  

Typically, ontology editors provide graphical interfaces for the definition of concepts, 

attributes, axioms, constraints and hierarchies of concepts support. Generally, they comply 

with existing standards for Web-based software development. The main functionalities 

comprise ontology development, inspection, browsing, codifying and maintenance. Tables 

9 and 10 present a set of relevant ontology tools from late 90's to the present.  

Table 9. Set of relevant ontology tools 

Tool Description  Developer  

Ontolingua This tool consists of a server and a representation language. The server was 

designed to allow several users to cooperate in the ontology development. 

Ontolingua provides an ontology repository allowing the creation of new 

ontologies and ontologies maintenance. This tool exports ontologies to 

several languages like KIF, LOOM, Chemical Markup Language (CML), Epikit, 

Common Object Request Broker Architecture – Interface Definition 

Language (CORBA IDL) and Prolog language. 

Knowledge Systems 

Laboratory (KSL) 

Stanford University 

WebOnto It is a Java applet coupled with a customised web server which allows users 

to browse and edit collaboratively knowledge models over the web. 

WebOnto is now available as a public service. The language used to model 

the ontologies is the Operational Conceptual Modelling Language (OCML). 

This language can be translated to Ontolingua as well as translated to/from 

Resource Description Framework Schema [RDF(S)]. 

Knowledge Media 

Institute (KMI) of 

Open University 

OntoEdit It is an ontology engineering environment based on a plugins architecture 

which combines methodology-based ontology development with capabilities 

for collaboration and inferencing. This tool is available in two versions: Free 

and Professional. It includes plugins for diverse aims, namely, 

exporting/importing ontologies in different formats, domain lexicon, and 

an inference plugin. It also provides the collaborative development of 

ontologies for semantic Web. 

Institute of Applied 

Informatics and 

Formal Description 

Methods (AIFB) at the 

Karlsruhe University 



A model for teaching-learning techniques recommendation to support teaching-learning activities design  

- 56 - 
 

 

Table 10. Set of relevant ontology tools (cont.) 

Tool Description  Developer  

OilEd It was initially developed as an ontology editor for Ontology Inference Layer 

(OIL) ontologies. Currently, OilEd is an editor of DAML+OIL ontologies. OilEd 

users can connect to the FACT inference engine, which provides consistency 

checking and automatic concept classification features. It supports graphical 

visualization of ontologies.   

University of 

Manchester 

Protégé It is an open source, standalone application holding plugins library that add 

substantial functionalities to the environment. The latest versions (since 4.2) 

provide enhanced explanation support, and support for code generation.  

Stanford Medical 

Informatics (SMI) 

Stanford University 

WebProtégé 

2.0 

It is an open source web-based light weight ontology editor and knowledge 

acquisition. It provides a friendly and highly configurable user interface that 

can be adapted by domain experts. It supports  form-based editing and full-

fledged collaboration in ontology construction process. WebProtégé 2.0 has 

a content management system. Users can log in and upload their ontologies 

to the server, edit them, invite collaborators to contribute, and may set 

permissions for collaborators as well.  

SMI Stanford 

University 

WebODE It is an extensible ontology-engineering suite based on an application server. 

The core of WebODE was its ontology access  service, used by all the services 

and applications plugged into the server. The WebODE's Ontology Editor 

allowed editing and browsing WebODE ontologies, and was based on HTML 

forms and Java applets. It was discontinued in 2006. 

Artificial 

Intelligence Lab 

from Technical 

University of 

Madrid 

Ontosaurus It is a web-based tool for browsing and editing ontologies and knowledge 

bases. It consists of two modules: an ontology server which uses LOOM as its 

knowledge representation system, and a web browser for LOOM ontologies. 

It includes translators from LOOM to Ontolingua, KIF and C++. 

Information 

Sciences Institute 

(ISI) at the Univ. of 

South California. 

Apollo Apollo is a user friendly ontology development environment. It supports all 

the basic primitives of knowledge modelling like ontology creation by 

defining classes, instances, functions and relations. Apollo has its own 

internal language for storing the ontologies, but can also export the ontology 

to different representation languages.    

KMI of Open 

University (UK) 

IsaViz It is a visual environment for Resource Description Framework model 

authoring and browsing. This authoring tool allows rapid navigation of the 

graphs used to represent RDF models. It  imports RDF/XML and N-Triples, 

and exports RDF/XML, N-Triples, Portable Network Graphics (PNG) and 

Scalable Vector Graphics (SVG). 

W3 Consortium 

Swoop SWOOP is a Web ontology browser and editor based on OWL. It has formerly 

been maintained at the University of Maryland only, but is now jointly 

developed together with Clark & Parsia, IBM Watson Research and the 

University of Manchester.  

University of 

Maryland 

NeOn toolkit It is a multi-platform  ontology engineering platform, which main features 

are: ontology editing, editing schema, instances, ontology visualization and 

browsing, native support for OWL and F-Logic, import/export in RDFS. 

EC-funded NeOn 

Project 

 

http://www.xml.com/pub/rg/RDF
http://www.w3.org/TR/rdf-syntax-grammar/
http://www.w3.org/TR/rdf-testcases/#ntriples
http://www.oreilly.com/catalog/pngdefg/
http://www.xml.com/pub/rg/Scalable_Vector_Graphics_SVG
http://semanticweb.org/wiki/OWL.html
http://semanticweb.org/wiki/University_of_Maryland.html
http://semanticweb.org/wiki/Clark_%26_Parsia.html
http://semanticweb.org/wiki/IBM_Watson_Research.html
http://semanticweb.org/wiki/University_of_Manchester.html
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The above descriptions of tools, among others, were based on the following sources: 

(Singh & Anand, State of Art in Ontology Development Tools, 2013), (Malucelli, 2006), 

(Sharman, Kishore, & Ramesh, 2004), (Abburu & Babu, 2013), (Singh & Anand, 2013), and 

(Denny, 2002). 

 

The challenge of designing ontology languages can be described as a commitment 

between the expressive power needed to approximate human conceptualization, and the 

minimal complexity needed to achieve a practical result in the target application area 

(Sireteanu, 2013).  

The ontology languages can be classified as:   

▪ Classical languages, such as Cyc representation language, Ontolingua, LOOM, 

OCML, FLogic and KIF. 

▪ Web-standard languages, such as XML and RDF. 

▪ Web-based languages, such as Simple HTML Ontology Extensions (SHOE), XML-

based ontology-exchange language (XOL), OIL, DAML+OIL and OWL. 

From Tables 11 to 14, a set of relevant ontology languages is presented. 

Table 11. A description of the most relevant ontology languages (Sireteanu, 2013), (Malucelli, 2006) 
(Sharman, Kishore, & Ramesh, 2004) 

Language Description   References  

CycL This is a formal language based on frames and first-order logic. The 

Cyc Knowledge Server is a very large, multi-contextual knowledge 

base and inference engine. Cyc is intended to provide a “deep” 

layer of understanding that can be used by other programs to make 

them more flexible. 

 Microelectronics 

and Computer 

Technology 

Corporation 

KIF KIF stands for Knowledge Interchange Format. It is a language for 

expressing knowledge that contains full first-order logic, and 

extends it with several features. It is designed for use in the 

exchange of knowledge between distinct computer systems, 

created by different programmers at different times, in different 

languages. Being a language for knowledge interchange, KIF can also 

be used as a language for expressing and exchanging ontologies. It 

uses a sintaxe like Lisp to express first-order predicate logic 

assertions. Although KIF is an expressive language, it is a low level 

language to represent ontologies. 

 DARPA knowledge 

Sharing Effort. 
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Table 12. A description of the most relevant ontology languages (cont.) 

Language Description   References  

Ontolingua Ontolingua is the ontology-building language used by the Ontolingua 

Server. Ontolingua extends KIF using additional syntax to include 

the intuitive collection of axiom into definitional forms with 

ontological significance and a Frame Ontology to define object-

oriented and frame-language terms. The set of KIF expressions used 

in Ontolingua is defined in an ontology called the Frame Ontology.  

 KSL Stanford 

University 

FLogic 

(Frame 

Logic) 

It is a language for specifying object-oriented databases, frame 

systems and logical programs. The main goal is to integrate 

conceptual modelling constructs (classes, attributes, domain 

restrictions, inheritance, axioms) into a consistent logical 

framework. 

 State University of 

New York at Stony 

Brook; University of 

Mannheim, Germany 

Description 

Logics 

(DLs) 

DLs are a family of knowledge representation languages that can be 

used for formal reasoning on the concepts of an application domain 

(known as terminological knowledge). It is of particular importance 

in providing a logical formalism for ontologies and the Semantic 

Web. DLs are very useful for defining, integrating, and maintaining 

ontologies, which provide the Semantic Web with a common 

understanding of the basic semantic concepts used to annotate Web 

pages. 

 Theoretical 

Computer Science, 

RWTH Aachen, 

Germany; 

Department of 

Computer Science, 

University of 

Manchester, UK. 

XOL XOL stands for XML-based Ontology Exchange Language. This 

language was originally devoted to bio-informatics domain. It is 

intended to provide a format for exchanging ontology definitions 

among a set of interested parties. The ontology definitions that XOL 

is designed to encode include both schema information (meta-data), 

such as class definitions from object databases as well as non-

schema information (ground facts) such as object definitions from 

object databases. The syntax of XOL is based on XML. The semantics 

of XOL are based on OKBC-Lite, which is a simplified form of the 

knowledge model for the OKBC (Open Knowledge Base 

Connectivity). 

 Pangea Systems 

Inc.; Artificial 

Intelligence Center 

of Scientific 

Research Institute 

(SRI) 

SHOE SHOE stands for Simple HTML Ontology Extension. It was developed 

to extend HTML aiming at incorporating machine-readable semantic 

knowledge in Web documents and to provide specific tags for 

representing ontologies. 

 University of 

Maryland 

OML OML stands for Ontology Markup Language. It is an ontology 

language that has initially been developed as an XML serialization 

of SHOE. OML is explicitly oriented towards the representation of 

abstract semantics. The semantics for the higher levels is based on 

the idea of conceptual graphs.  

 School of Electrical 

Engineering and 

Computer Science 

Washington State 

University 

 

http://en.wikipedia.org/wiki/Ontology_(information_science)
http://en.wikipedia.org/wiki/Semantic_Web
http://en.wikipedia.org/wiki/Semantic_Web
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Table 13. A description of the most relevant ontology languages (cont.) 

Language Description   References  

RDF RDF stands for Resource Definition Schema. It is a framework for 

describing Web resources (identified by Uniform Resource Identifier 

or URIs) such as homepage, title, author, content and copyright 

information of a Web page. RDF is a data model for objects 

(“resources”) and relations between them. RDF provides a simple 

semantics for this data model, and this can be represented in XML 

syntax.  

 W3C 

RDF 

Schema 

The RDF data model is not oriented to define relationships between 

properties and resources, that is, the semantics of any domain. This 

goal is part of the RDF Vocabulary Description Language, also known 

as RDF Schema or RDFS.   

 W3C 

RDF(S) It is the term commonly used to refer to the combination of RDF and 

RDFS. RDF(S) combines semantic networks with frames. It is highly 

expressive since it allows representations of concepts, taxonomies 

of concepts and binary relations. An inference machine has been 

created to be used with language, mainly to check constraints. 

 W3C 

OIL OIL stands for Ontology Inference Layer. It has a syntax definition 

using web standards such as RDF(S) and XML(S). OIL unifies three 

important aspects provided by different communities: (1) formal 

semantics and efficient reasoning support as provided by 

Description Logic, (2) epistemologically rich modelling primitives as 

provided by the Frame-based community, and (3) a standard 

proposal for syntactical exchange notations as provided by the Web 

community. OIL is not an evolving language any longer. The natural 

continuer of the work carried out by the OIL team was DAML+OIL, a 

joint effort of the American and European ontology communities for 

the Semantic Web. 

 VU University 

Amsterdam; 

University of 

Manchester 

DAML+ OIL DAML+OIL is the successor of OIL, defined in collaboration with 

research groups from DARPA, following the original versions of OIL 

and DAML-ONT (DARPA Agent Markup Language). It is an ontology 

language specifically designed for the Semantic Web, created as a 

joint effort of the American and European ontology communities for 

the Semantic Web. DAML+OIL exploits existing Web standards (XML 

and RDF), adding ontological primitives of object oriented and 

frame-based systems, and the formal rigor of expressive description 

logic. As an ontology language, DAML+OIL is designed to describe 

the structure of a domain. DAML+OIL takes an object-oriented 

approach, with the structure of the domain being described in terms 

of classes and properties, and the set of axioms that assert 

characteristics of these classes and properties. Similar to OIL, 

DAML+OIL is not an evolving language. The latest DAML+OIL drafts 

are dated from December 2001. 

 The Joint United 

States / European 

Union ad hoc Agent 

Markup Language 

Committee  

 

http://en.wikipedia.org/wiki/University_of_Manchester
http://en.wikipedia.org/wiki/University_of_Manchester
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Table 14. A description of the most relevant ontology languages (cont.) 

Language Description   References  

OWL RDF formalism core are binary ground predicates, whereas RDF 

Schema is (roughly) limited to a subclass hierarchy and a property 

hierarchy, with domain and range definitions of these properties. 

This way, a more expressive and powerful ontology modelling 

language  started gaining ground, which was the case of the Web 

Ontology Language (OWL) (Antoniou & Harmelen, 2008, p. 113). It 

is the language standard recommended by the W3C. OWL is mainly 

based on OIL and DAML+OIL, and therefore the main features of OWL 

are very similar to those of OIL. OWL facilitates greater machine 

interpretability of Web content than that supported by XML, RDF, 

and RDF Schema (RDF-S), by providing additional vocabulary along 

with a formal semantics. The OWL is intended to provide a language 

that can be used to describe concepts and relations between them 

inherent in Web documents and applications. OWL language is used 

to: (1) formalize a domain by defining concepts called classes and 

properties of those classes; (2) define instances called individuals 

and assert properties about them; (3) reason about these classes 

and individuals to the degree permitted by the formal semantics of 

the OWL language. OWL includes three sub languages called: OWL 

Lite, OWL DL and OWL Full. 

 Web Ontology 

Working Group 

(University of 

Manchester; Free 

University 

Amsterdam; 

University of 

Maryland; Stanford 

University; Bell Labs 

Research, Lucent 

Technologies; 

Franklin W. Olin 

College of 

Engineering) 

 

Tayle (2010), Sireteanu (2013), and Sharman, Kishore and Ramesh (2004) present a 

relevant research concerning the most representative languages based on constructs 

needed in an ontology. 

 

Ontologies have become a popular research topic in many research areas in order to 

increase understanding of and consensus in a given area of knowledge, along with sharing 

knowledge between systems and people. The application areas where ontologies have been 

used include (Taye, 2010):  

▪ Semantic Web (W3C, 2015): Ontologies play a key role in the Semantic Web in 

supporting information exchange across distributed environments. Data is 

represented in a machine-processable way, and intelligent techniques can take 

huge advantage of these representations. The use of standards promotes common 

data formats and exchange protocols on the Web. 

▪ Semantic Web Services discovery: In the e-business environment, ontology plays 

an important role by finding the best match for the requester looking for 
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merchandise, or something else. It also helps online travel customers obtain a 

response (Martino, 2006), (Cardoso & Sheth, The Semantic Web and Its 

Applications, 2006). 

▪ Interoperability: Ontologies provide semantic information for assisting 

communication among heterogeneous information repositories. Besides, 

ontology interoperability provides the reusability of ontologies. Different domain 

experts and ontology engineers create different ontologies for the same or similar 

domains depending on their data modelling requirements. It aims at determining 

correspondences between concepts, properties, and individuals of two or more 

different formal ontologies (Tulasi & Rao, 2014), (Scharffe, Zamazal, & Fensel, 

2013), (Niepert, Meilicke, & Stuckenschmidt, 2010), (Maio & Silva, 2014). 

▪ Artificial Intelligence: Ontologies have been developed in the AI research 

community. Its goal is to facilitate the sharing of knowledge and to reuse and 

enable processing between programs, services, agents or organizations across a 

given domain. Diverse intelligent applications support ontologies for different 

purposes.  

▪ Multi-agent systems: The importance of an ontology in this area is that it provides 

a shared understanding of domain knowledge, allowing for easy communication 

between agents and thereby reducing ambiguity (Hadzic, Wongthongtham, 

Dillon, & Chang, 2009), (Malucelli, 2006). 

▪ Search Engines: These use ontology in the form of thesauri to find the synonyms 

of search terms, which facilitates Internet searching. 

▪ E-Commerce: This application uses ontology to facilitate communication between 

seller and buyer through the description of merchandise, as well as enabling 

machine-based communication (Gómez-Pérez, Fernández-López, & Corcho, 

2007), (Fensel D. , 2001), (Viamonte & Silva, 2008). 

▪ E-Learning: Subject matters, teaching-learning materials, teaching-learning 

methods/techniques are some examples that can easily arise to different 

meanings among different authors/practitioners. 

 

Recently, important efforts have been witnessed in educational computer-based 

systems in order to go beyond contents representations. Besides syntax, semantic leverage 

is the current challenge. The incursion of the meaning level in Learning Objects (LOs) as in 

Units of Learning (UoLs) can be deeply extended to conceive, for instance, 
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learning/instructional scenarios compliant with a set of pedagogical issues, such as learning 

theories and teaching-learning methods. The application of ontologies to learning 

technology has made openly available formal representation schemas for activity 

sequences and learning resource descriptions, based on evolved standards (Sicilia, Lytras, 

Sánchez-Alonso, & García-Barriocanal, 2011). An important benefit can be reported to 

recommendation features supported by computer-based systems (in section 3.2 ). The 

following list presents relevant work in ontological domain applied to diverse scientific 

domains.  

▪ R. Mizoguchi and his colleagues (Hayashi, Bourdeau, & Mizoguchi, 2009) have 

developed an ontological solution to respond to the following challenges: 

⬧ To make computers “understand” a variety of learning/instructional 

theories; 

⬧ To “utilize” such theories to develop learning scenarios conducted by 

instructional designers; and 

⬧ To make it possible to share the scenarios created in standard technology 

compliant formats. 

They developed OMIBUS ontology, which was constructed to cover different 

learning/instructional theories, and it is used to assist teachers in planning lessons. 

▪ B. Vesin and his colleagues (Vesin, Ivanović, Klašnja-Milićević, & Budimac, 2013) 

have developed an ontology-based architecture with a recommendation strategy 

in Java Tutoring System. Such architecture supports adaptive and personalized 

tutoring relying on Semantic Web standards and related technologies. 

▪ ORLM ontology (Valaski, Malucelli, & Reinehr, 2011) provides learning material 

recommendation aligned to the student’s learning styles combining personal 

needs with preferences. This personalized approach is far from being new. 

Intelligent Tutoring Systems and Hypermedia Adaptive Systems use such 

approach yet using different implementations. In general, the ontology approach 

provides more accurate definitions and extendable capabilities, too.  

▪ Yu and his colleagues (Yu, Nakamura, Jang, Kajita, & Mase, 2007) propose an 

ontology to model diverse knowledge, namely learner context, content and 

knowledge about the domain being learned. The main goal is to provide a 

personalized, complete and augmented learning program for the learner being 

delivered by an automatic recommender system.  

▪ R. Amorim and his colleagues (Amorim, Lama, Sánchez, Riera, & Vila, 2006) 

developed an ontology to represent the semantics of the IMS Learning Design 
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specification to cope with the expressiveness limitations found on the current 

XML-Schema implementation of the IMS LD conceptual model.  

▪ In (Kalou, Solomou, Pierrakeas, & Kameas, 2012) an ontological solution is 

proposed for modelling learning outcomes. They adopted the “ABCD” model to 

create learning outcomes using the revised Bloom taxonomy for their 

classification.  

▪ Sicilia, Lytras, Sánchez-Alonso and García (2011) describe the foundations of 

using ontologies for instructional-design theories modelling. These theories are 

modelled as collections of methods represented as a combination of rules and 

concept constraints that express the recommendation imposed by those theories 

on the final arrangement of activities and learning resources. 

▪ F. Draganidis and his colleagues (Draganidis, Chamopoulou, & Mentzas, 2008) 

developed an ontology-based application for competency management and 

learning paths. 

▪ L. Cassel (2009) describes an ontology of all computing disciplines for generating 

computing curricula, at level of both society recommendations and individual 

program curriculum review and development. 

▪ In (Nganji, Brayshaw, & Tompsett, 2011) a personalization approach based on a 

disability ontology containing information on various disabilities encountered in 

higher education is presented. It aims at showing disabled students with learning 

resources both relevant and suitable for their specific needs. 

▪ The LOCO-Cite ontology is part of the LOCO (Learning Object Context Ontologies) 

ontological framework, and serves as an integration point of other types of 

learning-related ontologies such as user model ontology, an ontology of learning 

design, and a content structure ontology.  The main goal consists in enabling 

personalized feedback to teachers to rethink the content and the structure of 

online courses helping, this way, customise the courses to the students’ needs 

(Javanović, 2008). 

As already mentioned, ontological engineering solutions have become an important 

approach to handle both diverse and ever greater amount of knowledge that navigate 

through many different computer systems.  Recommender systems can also profit from 

such engineering approaches. 
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The research area of Recommender Systems (RSs) can be traced to the fields of 

Information Retrieval (IR), Machine Learning (ML) and Decision Support Systems (DSS), 

however, these particular systems have emerged as a research field of their own for the last 

two decades (Jannach D. , Zanker, Ge, & Gröning, 2012).  

RSs can be defined as software tools and techniques providing users with suggestions 

for items a user may wish to utilize (Ricci, Rokach, & Shapira, 2011). Robin Burke describes 

an RS as "any system that produces individualized recommendations as output or has the 

effect of guiding the user in a personalized way to interesting or useful objects in a large space 

of possible options" (Burke, 2002, p. 331). Burke adds that it is the criteria of "individualized" 

and "interesting and useful" that separates the recommender system from information 

retrieval systems or search engines.  

Two preliminary models can be pointed out regarding RSs: prediction version of 

problem and ranking version of problem (Aggarwal, 2016). The former is devoted to predict 

the rating for a user-item combination. It is assumed that training data is available, 

indicating user preferences for items. The latter aims at determining the top-k items for a 

particular user, or the top-k users to target for a particular item.  

In RS, the utility of an item is usually represented by a rating, which indicates how a 

particular user liked a particular item. In its most common formulation, the recommender 

problem is reduced to the problem of estimating ratings for the items that have not been 

seen by a user. Once it is possible to estimate ratings for the yet unrated items, item(s) with 

the highest estimated rating(s) can be recommended to the user (Adomavicius & Tuzhilin, 

2005). More formally, the recommendation problem can be formulated as follows: Let U be 

the set of all users and let I be the set of all possible items that can be recommended. Let f 

be a utility function that measures the usefulness of item i to user u, i.e., ℛ, where ℛ is a 

totally ordered set (e.g., nonnegative integers or real numbers within a certain range). Then, 

for each user, it is wanted to choose such an item that maximizes the user's utility. More 

formally: ∀𝑢 ∈ 𝑈, 𝑖′
𝑢 = arg  𝑚𝑎𝑥𝑖 ∈𝐼 𝑅(𝑢, 𝑖). 

Depending on the application, the utility component can either be specified by the 

user, as it is often done for user-defined ratings, or it is calculated by a particular algorithm, 

as can be the case for a profit-based utility function (Adomavicius & Tuzhilin, 2005). The 

two classes of entities inherent to the RS, users and items, are usually represented through 

linear structures as vectors. Besides, a utility matrix is used to keep each user's degree of 

preference, Ui,  for each item, Ij. Both belong to the recommendation domain. 

RS apply data analysis techniques to the problem of helping users find the items they 

most like by producing a predicted likeliness score or a list of top-N recommended items 
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for a user. Item recommendations can be made using different techniques as it will be 

shown in section 3.2.1. 

Ultimately, RSs have proved their utility to deal with great amount of information 

available in diverse repositories, supported on the Web mainly, and to point a user towards 

new, not-yet-experienced items that may be interesting for him/her (Ricci, Rokach, & 

Shapira, 2011, p. 3). 

In fact, an RS is a “two faces coin” kind. It can be assigned to two main roles. The role 

played by the RS on behalf of a service provider, and the role played by the user. From the 

former's point of view, plenty of goals can be assigned, for example (2011): 

▪ Increase the number of items sold; 

▪ Sell more diverse items; 

▪ Increase the user satisfaction; 

▪ Increase user fidelity; 

▪ Better understand what the user prefers. 

Whereas, from the user's point of view, s/he wants a particular RS to be able to satisfy 

her/his goals as much as possible. Consequently, an RS must balance the needs of these two 

players and offer a service that is valuable for both. 

For recommendation purposes, an RS gathers information from various sources to 

draw conclusions. These sources include (Burke, 2002): 

▪ Background data. The information that the system has before the 

recommendation process begins; 

▪ Input data. The information that the user must communicate to the system to 

generate a recommendation; 

▪ An algorithm. It aims at combining background and input data to reach its 

suggestions.  

On this basis, different recommendation techniques can be pointed out. 

 

There are diverse taxonomies and related techniques that can be connected to RSs 

(Pazzani & Billsus, 2007), (Schafer, Frankowski, Herlocker, & Sen, 2007), (Ekstrand, Riedl, 

& Konstan, 2010).  
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A classical taxonomy, introduced by R. Burke (2002), classifies RSs into the following 

categories: 

▪ Content-based (CB): Systems that support this technique examine the items 

recommended properties and will recommend items similar to the ones the 

active user preferred in the past. This way, both the user's characteristics and the 

item's characteristics are relevant. 

▪ Collaborative Filtering (CF) or Collaborative recommendations: This technique 

recommends items to the active user based on similarity measures between users 

and/or items. The items recommended to an active user are those that people 

with similar tastes and preferences liked in the past. In CF, an item is considered 

as a black box, and user's interactions with the item are used to recommend an 

item of interest to the user.  

▪ Demographic: This technique recommends items based on the demographic 

profile of the user. For example, in the case of Web sites, suggestions to the active 

user can be customized according to his/her age.  

▪ Utility-based: Utility-based recommender systems make recommendations based 

on the computation of each item usefulness for the user (Huang, 2011). 

▪ Knowledge-based: This technique goes beyond the content-based methods 

behaviour once they also support knowledge models which are constructions of 

information. In this case, RSs recommend items based on specific domain 

knowledge about how certain item features meet users' needs and preferences 

and, ultimately, how the item is useful for the user. Generally, a similarity function 

estimates how much the user's needs match the recommendations (Ricci, Rokach, 

& Shapira, 2011). 

There are also recommender systems compounded of two or more techniques from 

different categories, commonly referred to as Hybrid recommender systems. In general, 

they profit from other techniques advantages to cope with more complex problems. Tables 

15 and 16 include the most common features of the mentioned techniques categories. 

 Table 15. Recommendation techniques (Burke, 2002) 

Technique Background  Input  Process 

Collaborative Ratings from U of 

items in I. 

Ratings from u of 

items in I. 

Identify users in U similar to u, and extrapolate 

from their ratings of i. 

Content-

based 

Features of items 

in I. 

u's ratings of items in 

I. 

Generate a classifier that fits u's rating behaviour 

and use it in i. 
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Table 16. Recommendation techniques (Burke, 2002) (cont.) 

Technique Background  Input  Process 

Demographic Demographic 

information about U 

and their ratings of 

items in I. 

Demographic information 

about u. 

Identify users that are demographically 

similar to u, and extrapolate from their 

rating of i. 

Utility-based Features of items in 

I. 

A utility function over items 

in I that describes u's 

preferences. 

Apply the function to items and 

determine i's rank. 

Knowledge-

based 

Features of items in 

I. Knowledge of how 

these items meet a 

user's needs. 

A description of u's needs or 

interests. 

Infer a match between I and u's needs. 

Next sections present further details of the above techniques. 

 

Traditionally, content-based recommendations recommend items similar to those 

the user preferred in the past. A content-based recommender system tries to understand 

the commonalities between the target items and the items the user has rated highly in the 

past (Huang, 2011). From the correspondence between a user u and the set of items I that 

u has rated, it is possible to construct a user profile useful for future recommendations.  

A CB recommender learns the profile of the user preferences based on the features 

present in items the user has rated. The type of user profile depends on the learning method 

employed. Decision trees, neural nets, and vector-based representations have all been used 

(Burke, 2002, p. 334), (Leskovec, Rajaraman, & Ullman, 2014, p. 317), (Huang, 2011, p. 2).  

The more information about the user preferences is gathered the more accurate the 

recommendation type will be.  

In addition to user profiles, a CB recommender system must construct a profile for 

each item. This profile is a collection of records representing important characteristics of 

that item. Depending on the domain applied, these characteristics can be easily discovered, 

like in the movies domain; however, in other domains such as document collections and 

images, it is not immediately apparent what the values of features should be (Leskovec, 

Rajaraman, & Ullman, 2014, p. 313). The classification of Web documents, such as news 

articles lead to a difficult task in order to distinguish and catalog those documents among 

topics. In these cases, there are several distance measures that can be used, for example, 

Jaccard distance and cosine distance. 
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The main limitations of content-based methods are limited content analysis, 

overspecialization and "new user" problems (Adomavicius & Tuzhilin, 2005). The former 

stems from the fact that the system may have only a limited amount of information on its 

users or on the content of its items. Various reasons can be pointed out, for example, privacy 

issues, insufficient content, and difficulty in obtaining precise content. Overspecialization, 

on the other hand, is a consequence of the CB recommender strategy, where the predicted 

rating of a user for an item is high if this item is similar to the ones liked by this user. 

Following a basic rationale, the system will not be able to recommend items that are 

different but still interesting to the user (Desrosiers & Karypis, 2011). The latter concerns 

the lack of information an RC system faces to when a new user enters into the system. It 

simply knows nothing about her/his preferences. Consequently, the system is unable to 

present any personalized recommendations. This problem is sometimes referred to as the 

"cold-start" problem of recommender systems (Rashid, Karypis, & Riedl, 2008). To elicit 

user preferences, implicit and/or explicit methods have been used.  Implicit elicitations take 

into account the user behaviour when interacting with the RS, for instance, by browsing a 

Web page, or by downloading some content. Then, some kind of inference mechanism is 

employed. Explicit elicitation, on the other hand, feeds a user model using straighten 

mechanisms, for example, explicit feedback or evaluation on some rating scale. 

 

CF-based systems main focus is to provide item recommendation or predictions 

based on the opinions of other like-minded users. As mentioned before, users' opinions can 

be obtained explicitly and/or implicitly.  

Generally, collaborative recommender systems (or collaborative filtering systems) 

aggregate ratings or items recommendations, recognize commonalities between users on 

the basis of their ratings, and generate new recommendations based on inter-used 

comparisons (Burke, 2002). In other words, CF systems try to predict the items' utility for 

a particular user, based on the items previously rated by other users. More formally, the 

utility R(u, i) of item i for user u is estimated based on the utilities R(uj , i) assigned to item i 

by those users ∈ U who are "similar" to user u (Adomavicius & Tuzhilin, 2005). 

Researchers have devised a number of collaborative filtering algorithms commonly 

divided into two main categories: Memory-based (neighbourhood or heuristic-based) and 

Model-based algorithms (Desrosiers & Karypis, 2011). In the former category, the user-item 

ratings are directly used to predict ratings for new items. This can be realized in two ways 

known as user-based or item-based recommendations (Jannach D. , Zanker, Ge, & Gröning, 

2012).  
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User-based collaborative filtering can be described as a way to: "find other users whose 

past rating behaviour is similar to that of the current user and use their ratings on other items 

to predict what the current user will like" (Ekstrand, Riedl, & Konstan, 2010). Besides a rating 

matrix R, a user-based CF system requires a similarity function 𝑠: U ×  U → R computing the 

similarity between two users and a method for using similarities and ratings to generate 

predictions. Several different similarity functions have been employed, namely, Pearson 

correlations, constrained Pearson correlations, Spearman rank correlations and cosine 

similarity.  

In respect to item-based collaborative filtering, this filtering class uses similarities 

between the items rating patterns rather than using similarities between user rating 

behaviour to predict preferences (Ekstrand, Riedl, & Konstan, 2010). If two items tend to 

have the same users liking and disliking them, they are considered similar, and users are 

expected to have similar preferences for similar items. This method is similar to content-

based approaches; yet item similarity is deduced from user preference patterns rather than 

from item data, i.e., item-based CF generates predictions by using the user's own ratings for 

other items combined with those items' similarities to the target item. This type of 

recommender system needs a similarity function s: I ×  I → R and a method to generate 

predictions from ratings and similarities like in user-based collaborative filtering, there are 

a various of methods that can be used for computing item similarities, namely, cosine 

similarity, conditional probability and Pearson correlations.  

In contrast to neighbourhood-based methods, which use the stored ratings directly in 

the prediction, model-based methods use ratings to learn a predictive model. To accomplish 

this task, the user-item interactions need to be modelled with factors representing users' 

and items' characteristics, such as the user preference class and the item category class. 

This model is built using machine learning or data mining algorithms such as rule-based 

approaches (Veloso, Alípio, & Azevedo, 2004), and later used to predict  users' ratings for 

new items (Desrosiers & Karypis, 2011).  

The main shortcomings of the CF approach are rating sparsity, the "grey-sheep" 

problem and the "ramp-up" problem. 

The rating sparsity issue arises from the fact that few users have rated the same items, 

which constitutes a difficulty for constructing future recommendations.  

The "ramp-up" problem, also known as "cold-start" problem, addresses two issues: 

"new user" and "new item" problems. "New user" problem is the same problem as that of 

content-based systems. In order to make accurate recommendations, the system must first 

learn the user preferences from the ratings that the user provides. Finally, "new item" 

problem is related to the lack of ratings to the new item by a substantial number of users 

inhibiting, this way, building recommendations. Different techniques can overcome this 



A model for teaching-learning techniques recommendation to support teaching-learning activities design  

- 70 - 
 

 

problem using, for instance, hybrid recommendation approaches (Adomavicius & Tuzhilin, 

2005, p. 740), (Lika, Kolomvatsos, & Hadjiefthymiades, 2014), (Ghazanfar & Prugel-

Bennett, 2014). 

Finally, the "grey-sheep" problem concerns the users that have very low level of 

similarity with other users. This problem has two types of consequences in the 

recommender systems. On the one hand, this type of users cannot receive precise 

recommendations themselves, on the other hand, they have negative recommendations on 

other users' recommendations (Ghazanfar & Prugel-Bennet, 2011). As presented by 

Ghorbani and Novin (2016), there are specific strategies to cope with this issue. 

 

Demographic recommender systems aim at categorizing the user based on personal 

attributes, and make recommendations based on demographic classes.  This approach 

constructs recommendations based on users' demographic data stored on their profiles 

(i.e., age, gender, location, etc.), assuming that users with similar demographic attribute(s) 

will rate items similarly. The underlined assumption is that different recommendations 

should be generated for different demographic niches by combining the ratings of users in 

those niches (Ricci, Rokach, & Shapira, 2011). 

The benefit of a demographic approach is that it may not require a user ratings history 

of the type needed by collaborative and content-based techniques (Burke, 2002, p. 334).  

Hence, this approach can be chosen alternatively to collaborative and content-based 

approaches as these approaches assumption is based on user’s ratings history, 

consequently having negative effect on the recommender performance due to the inability 

of the system to produce meaningful recommendations (Schafer, Frankowski, Herlocker, & 

Sen, 2007). Therefore, an alternative kind of input may be obtained explicitly from users to 

be utilized for suggesting recommendations instead of ratings (Safoury & Salah, 2013).  

 

Utility-based recommender systems make recommendations based on a computation 

of the utility of each item for the user. This approach aims at matching the user need and 

the set of options available for supporting the user advice. For that purpose, the system is 

required to build a complete utility function across all features of the considered items. The 

central point is how to create a utility function for each user (Burke, 2002).  

One benefit of this approach is that it can incorporate many different factors that 

contribute for the value of an item, such as delivery schedule, warranty terms or 
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conceivably the user's existing portfolio, rather than just item-specific features (Burke, 

2002, p. 337). 

In most cases, the utility function is based on multi-attribute utility theory (MAUT). 

MAUT uses multi-attribute utility function to model customer's preference, and maximize 

utility function to look for the best decision on the basis of multi-criteria. In other words, 

MAUT can model user making-decision involving multiple interdependent objectives on the 

basis of uncertainty and preference analysis.  

Some utility function extraction techniques are able to come to high decision 

accuracy, such as simple multi-attribute rating technique exploiting ranks, radial basis 

function network, regression analysis, and neural network. These methods use user rating 

for items to extract utility function, which increases the user's effort. Feng (2015) proposes 

a utility-based recommender technique that can predict attribute value utility and implicit 

holist utility rate of items by user, browsing a behaviour and genetic algorithm, and that can 

also elicit the attribute weight by a genetic algorithm, and build a multi-attribute utility 

function.  

Utility-based recommender systems can minimize diverse common issues, namely, 

the rating sparsity, new items, and new users (Burke, 2002). 

 

Knowledge-based systems recommend items based on specific domain knowledge 

concerning how certain item features meet the user needs and preferences and, ultimately, 

how the item is useful for the user (Ricci, Rokach, & Shapira, 2011, p. 12). Knowledge-based 

approaches differ in the functional knowledge they hold: they include knowledge about 

how a particular item meets a particular user's need, being, therefore, able to reason (i.e., 

infer) about the relationship between a need and a possible recommendation. The user 

profile can be any knowledge structure that supports this inference (Burke, 2002).  

This type of systems relies on explicitly soliciting user requirements for items as the 

lack of ratings is an inherent characteristic of them. The main reason can be assigned to the 

item domain complexity. For example, a user might want a house with specific 

characteristics for which it may be difficult to obtain a reasonable set of ratings reflecting 

the past history of a user on a similar item. Similarly, an old rating of an item may not even 

be relevant at present (Aggarwal, 2016, p. 167). Therefore, knowledge-based recommender 

systems are suited to types of item domains different from those of collaborative and 

content-based systems. 

Knowledge-based systems are highly interactive, facilitating the product space 

mining process and learn about the trade-offs available between various options. That is, 
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user's requirements and preferences are elicited on a basis of an interactive dialogue 

between the user and the system, which is justified by the fact that the user's preferences 

can be increasingly refined during a session (Chen, et al., 2013). The interaction between 

the user the recommender system may follow three approaches described as follows: 

▪ Conversational approach: Repetitive feedbacks are used to determine the user 

preferences.  It is used mainly when the item domain is complex, and the user 

preferences can only be determined by means of iterative conversations.  

▪ Search-based approach: In this case, a preset sequence of questions is posed to 

the user to elicit user preferences. 

▪ Navigational-based recommendation approach: After an item being 

recommended, the user can specify a number of change requests iteratively to 

arrive at a desirable item. Such recommender systems are also referred to as 

critiquing recommender systems.  

 There are two main subcategories of these systems: constraint-based and case-based 

recommender systems. The main difference between these subcategories can be traced to 

the way they use the provided knowledge (Jannach D. , Zanker, Felferning, & Friedrich, 

2011, p. 82). In the first case, users typically specify requirements or constraints (e.g., lower 

and upper limits) on the item attributes. Furthermore, specific rules can be used to drive 

the recommender mechanism. These rules can be of two forms: those rules that represent 

the domain-specific knowledge being used to match the user requirements or attributes to 

item attributes (e.g., "Cars before year 1970 do not have cruise control."), and the ones 

created to relate user attributes to item attributes (e.g., "Older investors do not invest in 

ultrahigh-risk products.") (Aggarwal, 2016, p. 169). In case-based systems specific cases (or 

examples) are specified by the user as targets or anchor points. Similar items to these 

targets are retrieved by means a similarity metric. 

Both subcategories are similar in terms of the recommendation process: the user 

must specify the requirements, and the system tries to identify a solution. If no solution can 

be found, the user must adjust his/her preferences. However, they differ the way in which 

this is done. In case-based systems, similarity metrics are used along with examples (or 

cases) serving as anchors points to guide the search.  In constraint-based systems, specific 

criteria/rules (or constraints) are used to guide the search.  

Finally, the advantage of knowledge-based recommender systems is that no "ramp-

up" problem exists since its recommendations do not depend on a base of user ratings for 

recommendations to be calculated. It does not have to gather information about a particular 

user because its judgements are independent of individual tastes and recommendations are 

calculated either in the form of similarities between user's requirements and items, or on 
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the basis of explicit recommendation rules (Jannach D. , Zanker, Felferning, & Friedrich, 

2011, p. 82). For the above reasons, these systems are appropriate for casual exploration, 

which demands less of the user than utility-based recommendation. They cannot "discover" 

user niches the way collaborative systems can. On the other hand, these systems can make 

recommendations as wide-ranging as their knowledge base allows (Burke, 2002, p. 338). 

These characteristics make knowledge-based recommenders not only valuable systems on 

their own, but also highly complementary to other types of recommender systems.  

This section closes summarizing the five recommendation techniques that have been 

discussed, pointing out their pros and cons (see Table 17). 

Table 17. Tradoffs between recommendation techniques (Burke, 2002) 

Technique Pluses Minuses  

Collaborative A. Can identify cross-genre niches 

B. Domain knowledge not needed 

C. Adaptive (quality improves over time) 

D. Implicit feedback is sufficient 

I. New user "ramp-up" problem 

J. New item "ramp-up" problem 

K. "Gray sheep" problem 

L. Quality dependent on large historical data 

set  

Content-based B. C. D. I. L. M. 

Demographic A. B. C. I. K. L. M. 

N. Must gather demographic information 

Utility-based E. No "rump-up" required 

F. Sensitive to changes of preference 

G. Can include non-product features 

O. User must input utility function 

P. Static suggestions ability (does not learn) 

Knowledge-

based 

E. F. G. 

H. Can map from user needs to items 

P. 

Q. Knowledge engineering is required 

 

More recently, further specific categories of RS have been exploited, namely, systems 

that use social or community information (Ricci, Rokach, & Shapira, 2011). In the future, RS 

will be devised to use implicit, local and personal information from the Internet of things 

(Bobadilla, Ortega, Hernando, & Gutiérrez, 2013). 

 

In the education domain, RSs are also achieving a particular relevance. Diverse 

examples are described below:  

▪ In (Chavarriaga, Florian-Gaviria, & Solarte, 2014) a system (supported in 

collaborative filtering and knowledge based techniques) is proposed to 

recommend activities and resources to help students in achieving competence 

levels throughout an online or blended course. 
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▪ Imran Hazra and her colleagues (Imran, Belghis-Zadeh, Chang, Kinshuk, & Graf, 

2016) integrated a recommender system into an LMS named PLORS for 

recommending which learning objects within a course are more useful for 

learners. The recommender mechanism is supported by an association rule 

mining approach along with a neighbourhood algorithm. 

▪ (Casali, Gerling, Deco, & Bender, 2011) propose a recommender system to help a 

user to find educational resources that are most appropriate to his/her needs and 

preferences. In this case, a multi-agent architecture (BDI – Belief, Desire, 

Intention) is used, being a dedicated agent responsible for making a flexible 

contend-based retrieval as well as providing an ordered list of the resources that 

better meet the user profile data.  

▪ MOOC-Rec is a recommender system for finding online courses (i.e., MOOCs) 

which best fit learners' interests. To this end, a Case Based Reasoning approach 

is used along with retrieval information techniques (Bousbahi & Chorfi, 2015). 

▪ In (Tarus, Niu, & Yousif, 2017) a hybrid knowledge-based recommender system 

based on ontology and sequential pattern mining algorithm for recommendation 

of e-learning resources to learners is described. The ontology serves to model the 

domain knowledge about the learner and learning resources whereas the 

algorithm aims at discovering the learner's sequential learning patterns. 

▪ Han & al. (Han, Jo, Ji, & Lim, 2016) propose a collaborative recommender system, 

which can improve learning performance by recommending learning courses that 

are appropriate to users’ learning level. Diverse methods are used, namely, 

Pearson correlation coefficient, Nearest neighbour analysis and SSDANCUM 

method. 

▪ In (Bourkoukou, El Bachari, & El Adnani, 2017) was proposed a recommender 

model for e-Learning domain. It was presented a new score function to weight 

learning objects by both collecting the learner’ feed-backs and extracting 

preferences from the existing web log files. In addition, a CF approach was used 

to select a list of the most appropriate learning objects from learning object 

repositories, and association pattern analysis are adapted to sequence and 

structure a personalized learning scenario. 

▪ In (Dascalu, Bodea, Mihailescu, Tanase, & Pablos, 2016) a new ontology-based 

education recommendation mechanism was devised and validated by 

implementing it in a web-based platform for lifelong learning. 

▪ In (Tejeda-Lorente, Porcel, Peis, Sanz, & Herrera-Viedma, 2014) was proposed a 

new recommender system based on quality. The quality value aims to estimate 
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items’ relevance to help users to access relevant research resources. The 

recommender system is developed by using a fuzzy linguistic approach. 

▪ In (Klašnja-Milićević, Ivanović, & Nanopoulos, 2015) an overview of the most 

important requirements and challenges for designing an RS in e-learning is 

introduced. Diverse recommender systems are presented as well. 

 

This chapter aimed at describing two main subjects, ontologies and recommender 

systems subjects. As regards the former, diverse aspects were introduced, namely, 

definitions, components and types of ontologies, design principles, development tools, 

ontology languages, and application areas. Special focus was given to applied ontologies for 

the e-Learning domain. For the purpose of this research work, an ontology was conceived 

for modelling the technique concept and inherent properties, which provides relevant 

relationships among related concepts in contrast to a common taxonomy. As for 

recommender systems, the most common types, related definitions and characteristics 

were presented. Diverse related systems in this domain were introduced as well. As shown, 

the complexity of the domain knowledge and the recommendation goals are two important 

characteristics to consider in choosing the RS type. The recommender approach proposal 

(presented in section 4.5) fits in a hybrid approach covering data models and teachers’ 

collaborative decisions upon techniques choices. 

 





 
 

  

This chapter is devoted to describing the proposed model (ACEM) that drives 

the techniques recommendation. Furthermore, the activities design support 

methodology for accomplishing all implementation steps of the mentioned 

model is presented. In addition, the ontological engineering solution is 

introduced as well as the recommender algorithm. Regarding the latter 

matter, particular emphasis is given to the association rule mining algorithms, 

specially, the similarity measure used. Furthermore, the main aspects 

concerning the prototype implementation are presented as well. This chapter 

concludes by describing the evaluation of the proposed model, which is 

divided into two parts. First an algorithm evaluation is presented for 

comparing the performance of three algorithms, namely, the classic Apriori, 

the standard FP-growth and the extended FP-growth used to recommend 

techniques. Second a quantitative evaluation is introduced, which was carried 

out to sustain the main goal of this thesis. Then, the results are addressed, and 

finally, an interpretation of the collected results is explained. 

 

The recommendation approach of techniques devised in this thesis aimed at helping 

teachers to diversify and adapt different approaches to put into practice for an activity. As 

already mentioned, the very same activity, for example, “Pythagoras’ theorem – practical 

applications”, may need different strategies depending on the particular learning context 

the activity will occur. Students can respond in different ways for the very same teacher’s 

goals and, therefore, it is relevant that teachers can choose adequate techniques that best 

fit a learning episode. This way, techniques modelling, and the design of activities constitute 

core anchors of the proposed model in addition to the recommendation algorithm.  
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Starting with the design of activities, relevant aspects need careful reflection by 

educators as described in chapter 2. Considering the required knowledge diversity, a set of 

relevant design subjects was depicted as shown in Figure 10 (Mota, Reis, & Carvalho, 2014). 

Briefly, two high level aspects can be isolated, yet their relationships are notorious.  

All subjects placed at the top are strictly connected to the educational context aspects (i.e., 

contents, resources, target population, learning goals, strategies, etc.) whereas the bottom 

level is related to the design context aspects (i.e., design tools, educational modelling 

languages, and other supporting technologies).  It is worthwhile to refer that teachers' 

decisions in choosing, for example, a design tool and/or an EML have direct impact on both 

the interoperability and activities reusing.  

 

Figure 10. Main design principles of activities 

Around the educational and design contexts, the pedagogy component is added along 

with the technology and the delivery components.  

The pedagogy component aims to recognize different ways of learning, which should 

have practical consequences on the courses planning, and in this case, on activities design 

as the need of different strategies for adapting teaching-learning subject matters to the 

learner’s needs, interests or preferences is obvious. Furthermore, other skills may also be 

considered important, for example, collaborative and cooperative team work. All the 

mentioned aspects imply a very demanding task for educators. They need to consider a 

huge amount of information to conceive a proper pedagogical design for a teaching-learning 

experience. Getting all learners motivated as well as ensuring they succeed in their tasks 

are both very demanding challenges. Therefore, to achieve a good pedagogical design, it is 

essential to consider the accepted theoretical foundations to discourage school dropouts. 
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All in all, it is crucial to bridge theoretical achievements in all facets of learning design with 

daily teachers’ practices. 

Regarding the delivery component, it is justified by the diversity of approaches to 

carry out a course, a module, a lesson or a simple activity. In addition to the traditional face-

to-face approach other possibilities can be considered, namely, distance education, online 

education, and e-Learning including m-Learning and b-Learning. 

As for the technology component, it deals with computer-based teaching-learning 

tools to support activities/contents delivery, including related educational platforms. These 

tools provide a rapid means of communication with students along with other useful 

characteristics for daily activities in the classroom context.  

Next section introduces the foundations of a design support methodology to conduct 

the diversity of processes involved in the activities and techniques design.   

 

The proposed methodology is founded in one key principle: collaboration work 

among several actors (i.e., experts in diverse domains), which aims at diminishing the gap 

between theoretical aspects of human learning and pedagogical practices carried out by 

teachers. For this purpose, it is fundamental to bring together expertise from diverse actors 

each one with specific skills. Therefore, different actors were devised, more specifically, the 

Educational Psychologist (EP), the Scholar psychologist (SP), the Teacher (T) and the 

Ontology Engineer (OE). 

In (Oliveira, 2005), the EP is associated to the following tasks:  

▪ Research new methods, scientific elaboration of curriculum programmes and 

school performance checking; 

▪ Track the educational and vocational guidance, reaching all students; and 

▪ Look after the individual maladjustment problems (problem-cases). 

In turn, scholar psychologists’ tasks broadly comprise the following items (Juif & 

Dovero, 1974):  

▪ Individual Psychology; 

▪ Group Psychology; and 

▪ Research plan. 

In the proposed methodology, the EP and SP actors correspond to two main goals: 

modelling and instantiating of techniques, respectively. The former comprises techniques 

overall characterization, that is, it involves the high-level layer box, whereas the latter is 
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related to concrete instances to be created and used later on by teachers, and consequently, 

indexed to the low-level layer box. Summing up, the EP is responsible for the modelling task, 

and the instantiation task is the SP's responsibility. The underlined rationale is related to 

the proximity of those actors to the teaching-learning context. While the EP is concerned 

with high-level definitions, the SP is an expert who usually works at the school, therefore, 

having a privileged view about the educational environment, including staff and students. 

It is expected to be able to get more knowledge of students’ specific teaching-learning 

needs, being then able to adjust instances of techniques more accurately, based on the 

technique high-level knowledge.   

The OE is responsible for the creation and maintenance of the techniques ontology. 

Although the OE is not considered at the same level of relevance as either the EP or the SP, 

his/her presence has to do with disambiguation issues regarding domain modelling for 

techniques creation. In that sense, s/he need to communicate with the other actors.  

As regards the teachers' role, it is mainly devoted to activities creation. The feedback 

on the execution of those activities in the educational context can also be considered for the 

recommendation process.  The ultimate activity, i.e., an activity ready to be executed, was 

coined Unit of Project (UoP) under the scope of this research work.  The overall process of 

creating an activity by teachers is labelled Project. 

Next section presents a detail description concerning the overall procedures of the 

activities design support methodology, starting in the techniques design procedure thru 

activity creation, ending in the activity running.  

 

Based on (Conole, et al., 2008), the following definition was coined to define the 

proposed support methodology:  

By teaching-learning design methodology, it is meant a set of processes and 
practices, derived from empirical evidence, which can be used to facilitate and support 
the design of activities. 

As to the empirical evidence, it is mainly supported on findings described in  (Conole, 

et al., 2008), together with diverse descriptions in the specialized literature (Sharpe, 

Beetham, & Freitas, 2010), (Beetham & Sharpe, 2007), and finally on the author’s at least 

twenty years of experience as teacher.  
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Several reasons for a new methodology proposal were identified. They include the 

following subjects: 

1. Acting as a means for activities reuse and sharing. 

2. Acting as a means of enabling communication among experts in several domains 

(i.e. educational and scholar psychologists, teachers and ontological engineers).  

3. Fostering the use of different teaching-learning strategies, methods and techniques 

in educational contexts. 

4. Guiding the teachers through the process regarding activities creation. 

Reusing and sharing activities to be carried out by students, introduced in issue 1, 

embrace an important topic in the e-Learning community. In general, if some change occurs 

in the learning context it can cause the overall activity design. Furthermore, the support 

language (i.e., graphical, textual, among others) used to describe activities may not be 

interoperable through different platforms. To face these challenges two main artefacts can 

be considered, such as online repositories (Azevedo, Mota, Carvalho, Carrapatoso, & Reis, 

2012) and formal educational languages for creating activities.  

Issue 2 brings an old topic in education to the “stage”: how the gap between the 

theoretical findings and the actors in educational contexts can be reduced. As referred to 

earlier, the educational domain is not a straightforward domain, therefore, sharing and 

exchanging of actors' point of views are important aspects in activities design to bring new 

ideas and to plan adaptive strategies. Educational psychologists, for example, hold very 

deep knowledge in instruction models, methods and techniques, which configure a 

considerable set of knowledge not commonly accessible to teachers. Nevertheless, this 

knowledge is crucial, for example, to plan activities. In turn, the ontology engineer knows 

how to build an ontology giving a series of items, namely, competency questions, concepts 

and their relationships. However, further effort must be put into constructing an ontology 

that responds to the purpose it was conceived for. The answer may be a collaborative 

approach among different actors. Teachers, for instance, can give relevant feedback to the 

SP, concerning their practical experience in real educational settings. In turn, the SP may 

want that new instantiations of techniques be integrated into the ontology. 

Issue 3 aims at highlighting the need to adapt as well as diversify the techniques use 

in the learning contexts. The repetitive use of the same techniques may not bring all 

students to the "stage" except those that are more comfortable with such techniques. The 

target student population, for example, can vary considerably from year to year, from class 

to class. To further complicate this subject, complex variables such as, culture and social 
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values may be added to the educational process. In educational contexts, the average should 

be less important than the standard deviation if it is meant to get all students in the 

“process”. It would be great if the standard deviation would tend towards zero, and, at the 

same time the average be the highest possible. In this respect, recent human intelligence 

theories in addition to classical human learning theories have given important contributes 

in explaining why students have different ways of learning. Basically, those theories have 

demystified the traditional monolithic view of human intelligence emphasising that there 

are different kinds of intelligence. Multiple Intelligences theory created by H. Gardner, the 

Emotional Intelligence theory created by D. Goleman, and the Triarchic Theory of Intelligence 

created by R. Sternberg are relevant theories in that domain (Mota & Carvalho, 2009). Their 

authors bring forward innovative reflections and explanations on why some students are 

successful in traditional settings and others are not.  For instance, the successful intelligence 

conception introduced by Robert Sternberg (Sternberg R. , 2002) has direct 

correspondence with how teachers should envision the teaching process.   

"Teaching for successful intelligence involves a way of looking at the teaching–
learning process that broadens the kinds of activities and assessment teachers 
traditionally do. Many good teachers “teach for successful intelligence” spontaneously. 
But, for one reason or another, most do not. Teaching for successful intelligence involves, 
at minimum, using a set of prompts that encourages students to engage in memory 
learning as well as analytical, creative, and practical learning”. 

Basically, the need to practice the three mentioned intelligences, according to R. 

Sternberg, is mandatory to succeed in educational contexts as well as in life. In general, no 

one is good at all the three intelligences (analytical, creative and practical): however, one 

can be properly trained to maximise his/her performances. According to R. Sternberg, each 

student should achieve the highest balance among the three intelligences to succeed. Each 

human being holds different levels for each intelligence, and none of them should be 

undervalued. Concluding, there is no receipt to choose techniques, and consequently, it 

severally complicates the teachers' work whenever techniques diversification and 

adaptation is aimed at. In this sense, automatic recommendation mechanisms incorporated 

in design tools can be the answer to cope with such constraints. As in other domains, this 

engineering solution has brought relevant benefits (see section 3.2).   

 

The main principles that support the development of the activity design support 

methodology can be traced as follows: 

▪ Formal description of activities;  

▪ Formal description of techniques; 
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▪ Ease of techniques modelling and support; 

▪ Support in guiding of activities design; 

▪ Recommendation support of techniques;  

▪ Facilitation of the reuse of activities; and 

▪ Facilitation of activities and techniques design support by means of putting in 

communication the main actors, i.e. teachers, educational psychologist and 

the ontology engineer.  

Next section describes in more detail the support methodology aiming, this way, to 

give a specific contribution for productive practices in activities design domain. 

 

The activities design support methodology comprises eight main phases, as shown in 

Figure 11. Their description was inspired in (Information and Techonology Services - 

University of Michigan (2013)) where a relevant set of methodologies for the education 

area can be found. 

 

 

Figure 11. Activities design support methodology phases 

Each of the above phases is described in Table 18, with special focus on the main goals 

and inherent procedures aspects.  
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Table 18. Description of the proposed methodology phases 

 Phases Main Goal Phase Procedures 

I TLTs 

Infrastructure 

Description 

To gather all concepts, 

relationships and conditions 

for modelling the purpose of 

techniques.   

1. The EP defines all needed information for modelling 

techniques. 

a. The EP fills in a proper template for modelling 

purpose (competency questions, concepts, 

relationships/properties, constraints, …). 

II TLTs 

Modelling 

To produce or reuse a proper 

ontology based on the 

information provided by the 

EP. 

1. The OE creates/reuses the ontology. 

a. The communication between the OE and the EP 

is privileged to assure completeness and 

unambiguity. 

III TLTs Creation To create instances of 

techniques based on 

information kept in the 

ontology. These instances 

can be devised by the SPs. 

1. The SP devises instances of techniques. 

a. The SP fills in a proper template for demanding 

techniques instances. These abstractions should 

be available for consultation.  

b. The OE inserts the instances into the data store.  

IV TLA 

Initialization 

To start a Project (an UoP) 

carried out by a team of 

participants/ teachers. 

1. A teacher starts a Project. 

a. A role named Project Manager (PM) is assigned to 

this teacher. 

2. The PM enters broad information (Level I) about the 

current activity s/he is about to design. 

a. A proper template is provided for introducing 

Level I data about the activity (main goal, 

subject matter, data context, 

learning/affective/social objectives are some 

examples of Level I data). The tasks to be carried 

out by the students is defined in the next step). 

b. The teamwork composition is the PM's 

responsibility. 

V Project 

Design 

To design an activity, which 

should include to choose 

adequate techniques. 

1. Teachers participate in completing data (Level II) 

for the current activity. 

a. If asked, techniques recommendation can be 

provided for the current TLA.  

b. If any recommended technique, or a sequence of 

them, is chosen, teachers should enter Level II 

data, i.e., tasks description and types, roles and 

resources. For this purpose, another template for 

completing the design of the current activity 

should be available.  

VI Assigning 

tasks 

After designing an activity, 

the assigning teachers’ tasks 

phase provides a means to 

pair developing resources, 

and to assign task 

responsibilities. 

1. Assigning tasks to the teamwork (teachers that 

participate in the project). 

a. Identification of all resources (e.g.: digital text 

subject matters, videos, questionnaires) needed 

to support the current activity. 

b. Assigning tasks to teachers. 

VII Project 

Execution 

To mark an activity for 

running. 

1. UoP running.  

a. The PM is in charge of verifying if all needed 

resources are completed and available. When 

this task is completed, the UoP is created for 

running. 

VIII Project 

Evaluation 

To assign a user evaluation to 

an activity. 

1. The UoP evaluation. 

a. Each teamwork member may evaluate the 

project, after having run the UoP in their classes. 

b. The average of all evaluations from the teachers 

who have participated in the project is 

calculated. 
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Phases I to III are devoted to the conception/maintenance of techniques whereas 

phases IV to VIII are inherent to the activity design context. 

The EP is the first actor to be analysed. This actor describes all needed high-level 

structure for defining techniques, devising relevant definitions, relationships and necessary 

constraints as shown in Figure 12. In addition, it should be also defined the overall sequence 

of steps that a technique should comprise.  

 

 

Figure 12. Educational psychologist’ main competences 

Table 19 presents an illustrative example for what it could be a sequence of steps 

concerning a very well-known technique, called Brainstorming.   

Table 19. Brainstorming technique example. 

Module Phase Task Learner Teacher 

B
ra

in
st

o
rm

in
g
 

Define a 
problem 

A task should be defined.  * 

Set up  A time limit should be announced Recommendation 
is around 25 min. 

 * 

Contribute 
solutions 

The learners' contributions should be loudly 
referred to the entire group. Criticizing ideas 
should be discouraged.  

*  

 The discussion should be ended when the time limit 
is reached 

 * 

Generate 
and record 
criteria 
and scores 

About five criteria should be generated for judging 
which ideas best solve the problem. Criteria should 
start with the word "should", for example, "it 
should be cost effective", "it should be legal", etc. 

*  

  For each proposed solution there should be a score 
of 0 to 5 points depending on how well it meets 
each criterion. 

*  

  The scores should be added up. The idea with the 
highest score may best solve the problem. 

 * 
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As to the SP actor, his/her competence falls into the instantiation scope, i.e., concrete 

techniques are constructed from high-level models, that is, abstractions that have already 

been devised by the EP (see Figure 13). 

 

 

Figure 13. Scholar psychologist’s main competences 

In the same way as seen before, the “Conversational Input” entry aims to boost 

interactions between the SP entity and the Teacher entity for exchanging practical 

knowledge in respect to students’ achievements as well as difficulties.  Accordingly, 

adequate techniques can be instantiated as needed. Figures 14 to 16 illustrate an 

instantiation procedure of a technique carried out by the SP by means the “ACEM tool” 

(further described in 4.6.). 

 

 

Figure 14. The learning context entry (Technique context phase) 
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Diverse steps need to be accomplished, namely, “Technique initialization” (the basic 

input entry), “Technique context” (which configures the learning environment conditions), 

“Learning/Affective/Social objectives” (scope of each objective type), and “Technique 

format” (the set of tasks). 

For this research work, diverse attributes were considered for describing the 

technique learning context (see Appendix D for further detail), as illustrated in Figure 14. 

Some of the selected attributes are delivery mode, interaction mode, perception and their 

inherent subcategories, and level of feedback among others. Among the mentioned 

attributes, it can be noticed that the perception attribute embraces diverse subcategories, 

allowing to characterize a class, or a student individually, considering what the teacher 

already knows about the target student’ population. 

 

Figure 15. The learning objectives entry  

Similarly, learning objectives are introduced and, as it will be explained in section 4.5, 

they configure a core element for the recommender model. The SP can opt to select one or 

more learning objectives depending on the technique purpose. 

Finally, the technique structure entry encompasses the sequences of phases, and each 

phase, in turn, can comprise at least one task, as shown in Figure 16.  
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Figure 16. The technique structure entry 

As regards the teacher actor, s/he can start the process of constructing an activity 

carrying out the role of Project Manager. In the proposed model, several participants can 

collaborate in the design. The complete process of an activity design is labelled Project. In 

Figure 17 diverse tasks are identified. 

 

Figure 17. Teacher’s main competences 
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In the same way the “Conversational Input” entry for the EP and the SP, it is of great 

relevance to be part of the teacher scope. The dialogue among teachers reinforces the 

collaboration approach facilitating, on the one hand, the exchange of different point of 

views, and, on the other hand, the elaboration of teaching materials, among other teachers’ 

tasks. The link to the SP aims to reflect the participation of this actor in the learning settings 

by devising techniques responding to teachers’ expectations, and consequently, improving 

the students’ results. This way, the role of the SP it may be extended beyond to vocational 

guidance, among other competences as well important.  

Table 20 summarizes a description of teacher's responsibilities. Meanwhile, two 

important upper-level features are responsible for linking activity and technique concepts, 

more specifically, teaching-learning objectives and the remainder features regarding the 

teaching-learning context. The former is described similarly for an activity and for a 

technique. However, from an activity design point of view, teaching-learning objectives 

traduce what a teacher expects students to achieve in a specific activity whereas for 

technique learning objectives means what they can contribute for a general activity. As 

included in Appendix D, a teaching-learning objective comprises three subcategories: 

learning, affective and social features.  For executing the recommender algorithm, it is 

necessary that the teacher chooses at least one learning objective crossing a behaviour 

category and a knowledge category properly. Those decisions depend directly on what a 

teacher wants students to achieve, as previously explained. Regarding a technique, the EP 

and/or the SP should conceive what a technique can provide in terms of teaching-learning 

objectives. This way, diverse behaviours and knowledge categories can be assigned to a 

generic technique. 

Table 20. Main responsibilities allocated to a teacher 

Responsibility/task Description 

Initialize a Project It comprises general data for an activity, namely project name, project goal, project 

starting date and project manager (PM, the teacher who starts the initialization of 

a project). At this point other teachers can be invited to participate in the project.   

Define the TLA context The context of an activity describes specific data related to the student population, 

teachers’ goals, learning objectives, among others.  

Introduce Objectives The objectives were divided into three types: learning, affective and social 

objectives. For the recommendation purpose of TLTs, the learning objectives are 

mandatory. 

Choose recommended 

techniques 

After introducing both the general and specific data of a TLA, the teamwork (i.e., 

the teachers) can ask the TLTs for the best suit to the particular TLA. As for ACEM 

tool, there is a recommender algorithm for that purpose (as described in section 

4.5).  

Assign tasks  Resources, for example, digital text contents, images, videos, practical exercises, if 

any, as support of an activity, should be negotiated with the teachers that 

participate in the project.  

Project evaluation Not mandatory, teachers can rate the project/activity. 
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Figure 18 illustrates the teaching-learning context entry whereby the teacher 

configures an activity. 

 

Figure 18. The teaching-learning context entry 

It comprises environment characteristics embracing diverse items that were found 

relevant for describing educational episodes. In this research work, some of the selected 

characteristics are delivery mode, interaction mode, perception and their inherent 

subcategories, level of feedback, and target audience among others (see Appendix D for 

further detail). Such context features aim at getting specific knowledge about the 

educational context where activities will be carried out. Recommendation of techniques will 

depend on the learning context features, including learning objectives. 

In the same way as seen for the SP, the teacher must select one or more learning 

objectives, whereas affective and social ones are optional (see Figure 19). 
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Figure 19. The learning objectives entry 

Before describing the recommendation algorithm proposal (in section 4.5), the 

ontological engineering approach is presented.  

 

This section describes the ontological engineering solution. First, the rationale 

underlying the ontological engineering approach is presented. Second, the main definitions 

driving the proposed solution are introduced, namely technique, activity and unit of project 

(UoP). Finally, the ontology devised for the purpose of this work is presented. 

 

The use of an ontological engineering approach has been followed in diverse research 

domains, namely, Semantic Web, Multi-agent systems, search engines, e-Commerce and e-

Learning (see section 3.1.7). This engineering solution responds in great extend to three 

main issues in knowledge management: interoperability, computational inference and reuse 

of knowledge. In addition, the extension capabilities of this formalism cannot be 

undervalued. Therefore, it was very useful to represent much of techniques related 

knowledge following an ontological approach. First, it provides a clear separation between 

the high-level knowledge (i.e., techniques modelling) and instances of techniques, which are 

supposed to be created over time by scholar psychologists. Then, the inherent inference 

facility along with a proper query language both represent a good strategy to consider. A 
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database approach could also have been chosen, yet limitations can be pointed out (Laallam, 

Kherfi, & Benslimane, 2013). 

 

Based on the activity and technique definitions presented in section 2.3.1, and also to 

deal with the techniques recommendation mechanism proposal, the technique 

characterization joins two sources of data types: the technique analytics (called Level I 

data), and the format/structure data (called Level II data)6. The former embraces data for 

describing the educational context for which the technique fits better. Diverse data is 

considered, for example, type of interaction (class based, one-to-many, one-to-one, among 

others), type of delivery (face-to-face, blended, among others), student/class motivational 

level, student/class performance level, and resolution scope (open-ended and close-ended).  

Moreover, it includes relevant data concerning the teaching-learning objectives for which a 

technique can respond more appropriately. In turn, the format component describes the 

scaffold structure to be fulfilled with tasks descriptions in order to be carried out by all 

participants when an activity is running.  

Another core concept is UoP, which is defined as:  

The output of an activity design. More specifically, it is the result of a project design 

carried out by educator(s), which includes the characterization of both the learning context 

and the needed resources, the definition of teaching-learning goals, and the description of the 

sequence of tasks, wrapped in adequate techniques, to be carried out by specific actors, namely 

learners and teachers. 

The overall source of knowledge for the purpose of the UoP description was grounded 

mainly by the specialized literature already presented in Chapter 2 and adapted for the 

purpose of this thesis. 

 

As mentioned in section 4.4.1, an ontological approach was chosen for modelling the 

technique entity. In this sense, the OTILIA ontology was created (Mota, Reis, & Carvalho, 

2014). OTILIA's main goal is to respond to diverse competency questions (Noy & 

McGuinness, 2001) (Horridge, 2011): 

                                                 
6 A detailed description of a technique is presented in Appendix D. 
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▪ What kind of technique(s) will foster creative learning objectives for low level 

motivated students? 

▪ What kind of techniques promote better results in a traditional (face-to-face) 

class of students who are good at writing tasks?  

▪ What are the techniques that help students in critiquing tasks? 

The italic words form key paths in order to construct specific queries for inspecting 

into the ontology. For example: 

▪ creative learning objectives for low level motivated students, the term creative 

belongs to the teaching-learning objectives concept, the term motivated belongs to 

the perception category in the inherent motivation subcategory, whereas low is a 

qualifier concept used also in diverse situations. 

▪ traditional or face-to-face words are synonyms and they belong to the delivery 

concept.  In turn, writing as well as critiquing tasks items both belong to one of the 

types of task that a technique can cover.  

After developing the competency questions, it was considered to reuse ontologies for 

modelling techniques. Along the course of this research, no ontology was found for 

describing techniques, therefore, it was necessary to start the modelling task to accomplish 

this goal.  

In addition to gathering and classifying procedures of relevant concepts for the 

ontology, a significant number of properties was defined. Those properties establish 

relevant relationships among concepts, which is the most significant difference between the 

ontology and a taxonomy. This way, an inference mechanism "comes to life" allowing a 

software application to treat and deal with answers to queries. 

In section 4.6.3, further details regarding OTILIA are presented. Next section is 

devoted to the recommender model. 

 

 

As already mentioned, the ACEM model is grounded on both 

collaboration/cooperation tasks among diverse participants/actors and on an automatic 

recommendation solution to provide personalized and useful guidelines during the 

design/authoring process, more specifically, to help teachers in choosing appropriate 

techniques for creating activities (Mota, Reis, & Carvalho, 2017). 
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As described in section 3.2, there are diverse types of recommender systems. The 

proposed recommender system fits in a hybrid approach. It comprises filtering and ranking 

methods supported on data obtained from two different data sources. On the one hand, past 

activities designed by teachers, and on the other hand, techniques instances supported in 

the OTILIA ontology. It is noticed that activities also include techniques that teachers have 

already chosen when the design process was carried out at some point in the past. The 

teachers' behaviour regarding past techniques selection takes the form of implicit rating, as 

opposed to explicit rating, which could be provided by teachers on the bases of handed 

ratings. Therefore, a mix of collaborative and knowledge-based approach was followed. 

In addition to filtering and ranking methods, the recommender model is sustained in 

an association rules mining mechanism to construct combinations of techniques. The 

underlined assumption results from the fact that an activity may need more than one 

technique to be carried out. For example, giving a predefined set of requisites, provided by 

the teacher, an activity may need a Brainstorming technique followed by a Debate 

technique. In this research, this behaviour depends mostly on the learning objectives the 

teacher wants to see accomplished. Therefore, the mining mechanism has an important role 

in this regard facilitating the construction of upper relationships among techniques.  

Regarding the association rule mining algorithm, an extension of the FP-growth was 

devised incorporating an additional similarity measure to reduce less relevant rules for 

recommending techniques (further details in section 4.5.2).  In addition, Apriori (Agrawal 

& Srikant, 1994) and FP-growth (Han, Pei, & Yin, 2000) algorithms were also used for 

comparing with the extended FP-growth. Next sections are devoted to describing Apriori 

and FP-growth algorithms. Then, the recommendation algorithm is presented. 

 

The Apriori algorithm is an important milestone in machine learning used for frequent 

pattern mining and association rule learning over transactional databases (Agrawal & 

Srikant, 1994). Following the original definition by Agarwal and Srikant, dated from 1994, 

the problem of association rule mining is defined as: Let I = I1, I2, … Im be a set of 𝑚 binary 

attributes called items. Let  D = t1, t2, … tm be a set of transactions called database. Each 

transaction in D has a unique transaction ID and contains a subset of items in I. This 

algorithm takes the transaction database and identifies all association rules with a minimum 

support(s) and minimum confidence(s). Generally, an association rule is of the form: X 
 

⇒  Y, 

where X, Y ⊑ I are sets of items (for short itemsets) and X ⋂ Y =  Ø. X and Y are called 

antecedent and consequent of the rule, respectively. The two mentioned measures drive all 

the rules construction process. The support measure denotes the frequency of the rule 
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within transactions (a high value means that the rule involves a great part of the database). 

A minimum threshold can be assigned to the support measure allowing to discard unworthy 

rules in a specific moment. In turn, the confidence measure is defined as the percentage of 

the number of transactions containing X ⋃ Y to the total number of records that contain 𝑋. A 

threshold can also be assigned. 

The Apriori mining process contains three main steps functioning iteratively: Candidate 

Generation, Candidate Support Count and Rule Generation. The first step is responsible for 

generating the set of candidate k-itemsets by 1-extensions of the large (k-1)-itemsets 

generated in the previous iteration. This way, it uses a "bottom up" approach where 

frequent subsets are extended one item at a time. In turn, the second step is devoted to scan 

the data to determine the support of the generated itemsets, that is, the number of times an 

itemset can be found in the database. Itemsets that have a support measure lower than the 

expected one are simply discarded and the remaining itemsets are called large k-itemsets. 

This process is repeated until no larger itemsets are found (More, 2014). In the last step, for 

each frequent itemset, all possible combinations of non-empty sub-itemsets will be 

generated to obtain rules from it (Sá, Soares, Jorge, Azevedo, & Costa, 2011).  

The Apriori heuristic achieves good performance gain by reducing the size of candidate 

sets. However, diverse situations can lead to poor performance, in particular, in situations 

with prolific frequent patterns, long patterns, or quite low minimum support thresholds 

(Singh & Dhir, 2012). In addition, it may still suffer from the following two nontrivial costs 

(Agrawal & Srikant, 1994):  

▪ It is costly to handle a large number of candidate sets. 

▪ It is tedious to repeatedly scan the database and check a large set of candidates by 

pattern matching, which is especially true for mining long patterns. 

Since the first proposal of association rules mining by R. Agrawal, many researches have 

been implemented diverse improvements in the Apriori algorithm to make it more efficient 

and scalable (Ji, Zhang, & Li, 2006), (Yong-qing, Ren-hua, & Pei-yu, 2009), (Gu, Wang, Zhang, 

Wang, & Gao, 2011), (Al-Maolegi & Arkok, 2014). 

In the following section, a different mining rules approach is presented, which tackles 

the above mentioned Apriori drawbacks. 
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The classical Apriori method main issue is at the candidate set generation and test 

(Han, Pei, & Yin, 2000). Huge set of candidates is generated being the database visited 

repeatedly. Consequently, the algorithm performance is affected.  

By using the FP-growth method, the number of scans of the entire database can be 

reduced to two since it finds frequent itemsets without using candidate generations. Firstly, 

the database is scanned to determine the support of each item. The infrequent items are 

discarded whereas all frequent items are ordered based on their support. Secondly, the 

algorithm passes over the database to construct a compact data structure called the FP-tree. 

This way,FP-growth works in two steps: 

▪ Construction of the compact data structure FP-tree; and 

▪ Extract frequent itemsets. 

In an initial scan the frequencies of the items (support of single itemsets) are 

determined. All infrequent items, i.e., all items that appear in fewer transactions than a user-

specified minimum number, are discarded from the transactions. Then, the collection of 

frequent items is ordered by decreasing sequence of support count, i.e., in accordance to 

their frequency in the database. This preprocessing procedure is illustrated in Figure 20 

(Borgelt, 2005). 

After all individually frequent items have been deleted from the database, the FP-tree 

is constructed. It can be described as an extended prefix-tree structure that stores 

quantitative information about frequent patterns sourced in a database (Han, Pei, & Yin, 

2000). That is, each path represents a set of transactions that share the same prefix, each 

node corresponds to one item. In addition, all nodes referring to the same item are linked 

together in a list, so that all transactions containing a specific item can easily be found and 

counted by traversing this list. 

 

Figure 20. Transaction database (left), item frequencies (middle), and reduced transaction database ordered 
by decreasing sequence of support count (right) (based on (Borgelt, 2005)) 
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As an example, Figure 21 displays the FP-tree for the above data source.  

 

Figure 21. FP-tree for the (reduced) transaction database (based on (Borgelt, 2005)) 

Once the FP-tree has been constructed, the frequent itemsets mining can be 

performed.  A partitioning-based, divide-and-conquer mining approach is applied. The 

compressed database is divided into a set of conditional databases, each one associated 

with one frequent pattern. Finally, each database is mined separately. The algorithm starts 

from a frequent patterns length of 1 (initial suffix pattern), examines only its conditional 

pattern base (a “sub-database” consisting of the prefix path set which appears with the 

suffix pattern), builds its conditional FP-tree, and performs mining recursively with such a 

tree. The pattern growth is achieved via concatenation of the suffix pattern with the ones 

generated from a conditional FP-tree (Han, Pei, & Yin, 2000). 

All in all, the FP-growth algorithm constructs a compressed data structure, it uses a 

divide-and-conquer strategy, and the source data is scanned only twice. 

Next section introduces the proposed recommendation algorithm.   

 

The recommendation of techniques encompasses diverse procedures (see Figure 22) 

as described below: 

1. First, the attribute values of the current activity (TLAcr – the one for which the 

recommendation of techniques is the target) are read; 

2. Then, past activities are searched, and those activities that do not match the 

learning context of the TLAcr, except learning objectives (LOs), are discarded 

(criterion A further described below); 

3. For each activity resulting from the previous step, its inherent techniques are 

extracted; 
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4. Meanwhile, isolated techniques are filtered from the ontology repository. Those 

techniques that do not satisfy TLAcr learning context characteristics, except 

learning objectives (LOs), are discarded (criterion B further described below); 

5. Then, the similarity calculation is performed, after being extracted the LOs (i.e., 

the learning objectives) from each filtered activity (as for techniques obtained in 

the step 4.), taking into account the LOs attribute values sourced in the TLAcr and 

those from each filtered activity (similar to techniques). 

6. The output obtained in step 5 is sorted in descending order with respect to the 

similarity measure, and then displayed to the teacher; 

7. A matrix is constructed containing activities versus techniques shaping the 

transaction database for mining association rules (a default activity is created for 

each filtered technique for mining rules); and 

8. The association rule mining algorithm tries to discover rules (i.e., additional 

combinations of techniques) that satisfy three given thresholds, namely, the 

support, the confidence, and the minimum similarity measures. Once again, a 

similarity calculation is realized (in this case, for each candidate rule). The 

resulting list of rules are displayed to the teacher. 

 

 

Figure 22. Overview of the main step procedures concerning the proposed recommender mechanism 
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Regarding point 8, some considerations need to be highlighted. It is well known that 

support as well as confidence values constitute regular measures for discovering rules in 

databases. To a certain degree, they restrict the rules production to obtain the most 

adequate set of resulting rules. In addition to those measures, a similarity calculation was 

added to the rules mining algorithm, in this specific case, the FP-growth algorithm, to filter 

techniques in accordance to the teacher’s goals. The similarity measure is a float value 

varying from 0.0 to 1.0. The former means no restriction at all, whereas the latter signifies 

that LOs of both the current activity and the ones of the current technique should match 

completely (further details are described below). Diverse examples of mining rules 

combining (hypothetical) recommended techniques are showed in Table 21. 

Table 21. Examples of association rules combining (hypothetical) recommended techniques 

Best rules found (examples): 
 1. TLT4=yes  ==> TLT3=yes     conf:(1) 
 Meaning> When TLT4 is used in a TLA the TLT3 is also used with 100% of confidence 
 2. TLT5=yes  ==> TLT1=yes     conf:(1) 
 Meaning> When TLT5 is used in a TLA the TLT1 is also used with 100% of confidence 
 3. TLT5=yes  ==> TLT3=yes     conf:(1) 
 4. TLT1=yes TLT4=yes 1 ==> TLT3=yes     conf:(1) 
 Meaning> When TLT1 is used with TLT4 in a TLA the TLT3 is also used with 100% of confidence 
 5. TLT3=yes TLT5=yes 1 ==> TLT1=yes     conf:(1) 
 6. TLT1=yes TLT5=yes 1 ==> TLT3=yes     conf:(1) 
 7. TLT5=yes  ==> TLT1=yes TLT3=yes     conf:(1) 
 Meaning> When TLT5 is used in a  TLA both TLT1 and TLT3 are also used with 100% of confidence 
  8. TLT3=yes 4 ==> TLT1=yes 3    conf:(0.75) 
  9. TLT1=yes 4 ==> TLT3=yes 3    conf:(0.75) 
.... 
 13. TLT4=yes 2 ==> TLT1=yes TLT3=yes 1    conf:(0.5) 
Meaning> When TLT4 is used in a  TLA both TLT1 and TLT3 are also used with 50% of confidence 

For the recommender mechanism, it was necessary to map common entities (i.e., 

users and items) of regular recommender systems to activities and techniques, respectively. 

Before explaining the two criteria mentioned above as well as the calculation of the 

similarity score, the characterization of relevant entities is presented.  

Let 𝑇𝐿𝐴̅̅ ̅̅ ̅ be a vector of n attributes: 

𝑇𝐿𝐴̅̅ ̅̅ ̅ =  (𝐴1, 𝐴2, … , 𝐴𝑘, … , 𝐴𝑛−1, 𝐴𝑛) 𝑤ℎ𝑒𝑟𝑒 𝑛 > 0 

Features from 1 to n-1 belong to the learning context component (Level I), whereas 

position n is related to the structural component of an activity (Level II) (see Appendix D 

for further details). This component keeps the sequence (kept in a vector structure as well) 

of tasks, to be carried out by students, i.e., the techniques themselves.  

Let Ak be a vector of learning objectives for an activity and An a vector of techniques, 

respectively: 

𝐴𝑘
̅̅̅̅ = 𝐿𝑂̅̅̅̅ =  (𝑙𝑜1, 𝑙𝑜2 , … . , 𝑙𝑜𝑝) , 𝐴𝑛

̅̅̅̅ = �̅� =  (𝑡𝑙𝑡1, 𝑡𝑙𝑡2, … . , 𝑡𝑙𝑡𝑞)  𝑤ℎ𝑒𝑟𝑒 𝑝, 𝑞 > 0 

The learning objective characterization is based on the revised Bloom Taxonomy (see 

Appendix C). Briefly, this taxonomy uses a bi-dimension table for describing a learning 
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objective, more specifically, the knowledge dimension and the cognitive process dimension. 

The former comprises four categories ("Factual", "Conceptual", "Procedural", and 

"Metacognitive"), whereas the latter is divided into six categories ("Remember", 

"Understand", "Apply", "Analyse", "Evaluate", and "Create"). In turn, each category 

comprises a set of verbs related to the skill (i.e., the behaviour) to be trained. 

As for the technique characterization, it is a more complex data structure. In general, 

it keeps a substantial set of attributes (Level I and Level II) following a very similar pattern 

to that of the activity. However, as a technique may be applied in diverse contexts, its own 

data structure must keep all possible situations. For example, both “face-to-face” and 

“blended” delivery modes can be attached to the same technique. This is a type of “OR” 

relationship. In contrast, the list of LOs is a type of “AND” relationship. In summary, let 𝑇𝐿𝑇̅̅ ̅̅ ̅  

be a vector of m attributes:   

𝑇𝐿𝑇̅̅ ̅̅ ̅ =  (𝐴1, 𝐴2, … , 𝐴𝑗, … , 𝐴𝑚−1, 𝐴𝑚) 𝑤ℎ𝑒𝑟𝑒 𝑚 > 0 

Attributes from 1 to m-1 belong to the learning context component, whereas position 

m is responsible for keeping the set of steps inherent to the technique (see Appendix D for 

further details). 

As regards criteria A and B, they are described as follows.  

▪ Criterion A -  Past activities are searched and compared with the current activity 

one by one. Those for which the features of the learning context component do 

exact matching are considered of interest except for the learning objectives. The 

underlined rationale is that no negotiation is included so that the teacher’s 

expectations regarding the context attributes s/he assigned to the current activity 

are not compromised, excepting LOs, which are required in the similarity 

calculation method. Therefore, LOs have another approach once the similarity 

concept is more reasonable, for example, based on the quantity of common LOs 

between a past activity and the current activity, a similarity measure can be 

calculated. In the future, a more powerful negotiation approach should be 

devised, however further research is required. 

▪ Criterion B – Similar to the criterion A. However, a technique is configured to 

accept diverse values for the very same attribute, for example, a technique can be 

devised to be executed both in “group” and “one-to-many” interaction modes. 

Therefore, if each feature of the current activity, and sourced in the learning 

context component, is in the set of the technique’ learning context features, such 

a technique is accepted. LOs are not addressed at this stage, for the same reason 

already explained for the criterion A. 

As for the similarity calculation, the formula (1) is considered.  
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𝑆𝑖𝑚(𝑇𝐿𝐴𝑐𝑟 , 𝑇𝐿𝐴𝑖) = 𝑎 +  
𝑎

𝑎+𝑏+𝑐
 (1) 

First, the Jaccard similarity coefficient is applied to the calculation, for which: 

▪ a: is the total number of LOs of the current activity that matches the ones of a past 

activityi ; 

▪ b: is the total number of LOs of the current activity that does not match the ones 

of a past activityi ; 

▪ c: is the total number of LOs of a past activityi that does not match the ones of the 

current activity. 

Meanwhile, a similar calculation is applied between a specific technique and the 

current activity, for which the LOs similarity measure of both entities is computed. Figure 

23 illustrates the resulting similarity matrix (B) based on a, b, and c values for a hypothetical 

pair (TLAcr, TLAi). 

 

Figure 23. Illustration of a matching procedure between LOs sourcing in the current TLA and another TLA 
(TLAi) stored in the repository 

Finally, the 𝑎 value is added to the similarity coefficient for creating clusters sorted 

by descendent ordered of matched LOs. This way, the activities that have the highest 

matching number of LOs will appear first, as shown in Table 22. 

Table 22. Examples of similarity calculations  

TLAcr (LOs) TLAi (LOs) a/(a+b+c) Sim(TLAcr,TLAi) Descendent order 

TLAcr -> LO1, LO2 TLA1 -> LO1 1/(1+1+0)=0,5 1,5 4 

 TLA2 -> LO1, LO5 1/(1+1+1)=0,33 1,33 5 

 TLA3 -> LO3, LO5 0/(0+2+2)=0,0 0,0 6 

 TLA4 -> LO1, LO2 2/(2+0+0)= 1,0 3,0 1 

 TLA5 -> LO1, LO2, LO3 2/(2+0+1)=0,67 2,67 2 

 TLA6 -> LO1, LO2, LO3, LO6 2/(2+0+2)=0,5 2,5 3 

For example, the activity TLA4 has a total correspondence with activity TLAcr, 

whereas TLA3 has no correspondence at all. Regarding TLA5 and TLA6, they belong to the 

same “cluster”, that is, both have two LOs that match with the ones, two in this case, of the 
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activity TLAcr, however, TLA5 has one unmatched LO, whereas TLA6 has two of them, 

consequently, it is further away of the intended goals, and this way, a different similarity 

measure is achieved. 

Finally, the two mentioned criteria and the recommender algorithm are presented, as 

shown in Tables 23 and 24, respectively. 

Table 23. Criteria description (Recommender algorithm) 

Additional Information: 
 
Level I and II – An activity has been divided conceptually into two main blocks named Level I and Level II. 

The former encompasses the teaching-learning context data, such as, delivery mode, interaction type, 

perception data, including teaching-learning objectives. The latter includes structural data, namely, the 

sequence of tasks to be performed by learners and/or teachers, including type of tasks.     

 
Definitions: 
 

Let 𝑇𝐿𝐴̅̅ ̅̅ ̅
𝑐𝑟  be a vector on n attributes for the current activity (TLA): 

𝑇𝐿𝐴̅̅ ̅̅ ̅
𝑐𝑟 =  (𝐴cr,1, 𝐴cr,2, … , 𝐴𝑐𝑟,𝑘 , … , 𝐴𝑐𝑟,𝑛−1, 𝐴𝑐𝑟,𝑛) 𝑤ℎ𝑒𝑟𝑒 𝑛 > 0  

Let 𝑇𝐿𝐴̅̅ ̅̅ ̅
𝑖  be a vector on n attributes for the TLAi : 

𝑇𝐿𝐴̅̅ ̅̅ ̅
𝑖 =  (𝐴i,1, 𝐴i,2, … , 𝐴𝑖,𝑘 , … , 𝐴𝑖,𝑛−1, 𝐴𝑖,𝑛) 𝑤ℎ𝑒𝑟𝑒 𝑛 > 0  

Attributes values from 1 to n-1 belong to the learning context component (Level I), whereas position n is 

related to the structural component of the activity (Level II) (see Appendix D for further details). This 

component keeps the sequence of tasks, to be carried out by students, i.e., the techniques themselves.  

Let 𝑇𝐿𝑇̅̅ ̅̅
�̅� be a vector of m attributes for the technique TLTi: 

𝑇𝐿𝑇̅̅ ̅̅
�̅� =  (𝐴i,1, 𝐴i,2, … , 𝐴𝑖,𝑗 , … , 𝐴𝑖,𝑚−1, 𝐴𝑖,𝑚) 𝑤ℎ𝑒𝑟𝑒 𝑚 > 0  

Attributes values from 1 to m-1 belong to the learning context component, whereas position m is responsible 

to keep the set of steps inherent to the technique (see Appendix D for further details). 

 
Criterion A: 

The vector of attributes values from 1 to n-1 (𝑆�̅�𝑟) of the 𝑇𝐿𝐴̅̅ ̅̅ ̅
𝑐𝑟  and the vector of attributes values from 1 

to n-1 (�̅�𝑐𝑟) of the 𝑇𝐿𝐴̅̅ ̅̅ ̅
𝑖  need to match with exception of learning objectives: 𝑆�̅�𝑟 =  �̅�𝑐𝑟  

 

Criterion B: 

The vector of attributes values from 1 to n-1 (𝑆�̅�𝑟) of the 𝑇𝐿𝐴̅̅ ̅̅ ̅
𝑐𝑟  need to be a subset of the homologous 

attributes vector (�̅�𝑐𝑟) of the 𝑇𝐿𝑇̅̅ ̅̅
�̅�  with exception of learning objectives: 𝑆�̅�𝑟 ⊆  �̅�𝑐𝑟  

  
Similarity metrics: 
 

 𝑆𝑖𝑚(𝑇𝐿𝐴𝑐𝑟 , 𝑇𝐿𝐴𝑖) = 𝑎 + 
𝑎

𝑎+𝑏+𝑐
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It is important to recall that the “transactionMatrix” matrix used in the TecRec 

algorithm is composed by n activities (in rows) and m techniques (in columns), which are 

addressed by each activity. 

Table 24. TecRec - Recommender algorithm 

Input: The activity chosen by the teacher (called current activity, TLAcr); 

minimum support, minimum confidence and minimum similarity values;  

Output: An ordered list of recommended techniques; 

  A list of recommended combinations of techniques (resulting association rules of the extended FP-growth 

algorithm) 

1. Select a TLA  

1.1. The teacher selects an activity (TLAcr ) 

1.2. A matrix (inputMatrix) is constructed incorporating Level I data extracted from the TLAcr 

(including the type of tasks)   

2. Recommend TLTs 

2.1. Search past activities in the repository 

2.1.1. For each activity (TLAi) 

2.1.1.1.A matrix (outputMatrix) is constructed incorporating Level I data (including the type 

of tasks) 

2.1.1.2.If the TLAi meets the criterion A (see Table 23), it is gathered its inherent techniques 

and then added to another matrix (transactionMatrix - columns keep all techniques 

associated to the TLAi).  

2.1.1.3.A similarity calculation (see Table 23) is performed taken into account the LOs 

sourced in the TLAcr and those from the TLAi 

2.2. Filter techniques upon the existing ontology repository 

2.2.1. A query is constructed supported on the TLAcr attribute values (Level I and type of tasks) 

and in accordance with criteria B (see Table 23) 

2.2.2. The resulting techniques are saved in a matrix (techniquesMatrix) 

2.2.3. For each technique (TLTi) obtained in step 2.2.2   

2.2.3.1.A similarity calculation (see Table 23) is performed taking into account the LOs 

sourced in the TLAcr and those from the TLTi 

2.2.4. A default TLA is created for each TLTi  (wrapping techniques procedure) and added to the 

transactionMatrix matrix, as in step  2.1.1.2.   

2.3. Display an ordered list of recommended techniques 

2.3.1. The transactionMatrix matrix is ordered by descender order of the similarity score, and 

displayed along with additional information (the algorithm informs the matching LOs 

percentage in respect to the TLAcr,)  

2.4. Build recommendations  

2.4.1. The transactionMatrix matrix data is written to a file that serves as the input for the 

extended FP-growth (minimum support, confidence, and similarity values are provided)  

2.4.2.The list of association rules constructed in step 2.4.1. is displayed along with additional 

information (for each rule, the algorithm informs the matching LOs percentage in respect to 

the TLAcr) 

Next section presents the architectural description related to the relevant 

implementation aspects of the prototype. 
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The developed prototype embraces four main modules, more specifically, the 

(activity) TLA module, the (technique) TLT module, the Ontology module, and finally the 

Recommender module, as showed in Figure 24. 

 

 

Figure 24. High-level architecture of the developed prototype  

In addition, there are two main data stores, the UoPs and the ontology repositories. 

As mentioned previously, the former is devoted to storing all activities already designed by 

teachers whereas the latter is responsible for keeping all the knowledge of techniques 

sourced in the OTILIA ontology. Next sections present the relevant details about each 

mentioned module.  

 

Technique modelling drives this module purpose. Based on the technique concept, 

the ontology module will create/maintain the ontology of techniques. Moreover, instances 

of techniques can be constructed and then inserted into the ontology.  

For constructing the ontology, the methodology presented by Noy & McGuinness 

(2001) was followed, which main steps are described below: 
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• Determine the domain and the scope. For that purpose, a set of relevant 

examples of competency questions, should be formulated. 

• Enumerate important terms. A brainstorm of terms regarding to a technique 

definition should be provided.  In addition, textual definitions of the main 

concepts can have a relevant role for creating the ontology. 

• Define a class hierarchy.  The hierarchical organization of terms is required.  

• Define classes properties. The creation of relationships among concepts are 

mandatory, otherwise the final output is more likely to be a taxonomy. 

• Define properties characteristics. It includes defining value types, cardinality, 

allowed values, among others.  

It is relevant to emphasise that the proposed methodology presented in section 4.3 

handles the possibility of communication between the EP and the OE in order to create a 

complete definition of a technique, which can only be accomplished through an iterative 

and evolutionary process.  

From the list above, only the creating individual instances step is missing. This task is 

of the SP's responsibility. Creating an individual instance of a class requires (1) choosing a 

class, (2) creating an individual instance of that class, and (3) filling in the properties values. 

Appendix E presents a comprehensive extract of the OTILIA ontology. 

 

An activity makes part of the Project entity, as explained in section 4.2. In the scope 

of this thesis, the domain model of a Project/TLA is designed as showed in Figure 25. 

 

 

Figure 25. Domain model of a Project/activity (upper-level concepts are presented) 
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A teacher is responsible (i.e., the project manager) for starting a project choosing 

other participants (i.e., teachers, if any) and for entering some initial data about the current 

project. After that, creating an activity can be started. Teaching-learning objectives and the 

teaching-learning context comprise important branches of an activity. Besides, another 

branch was added to integrate the sequence of assigned tasks (named Sequence_TLT). 

Those tasks are supposed to be carried out by students so that the teaching-learning 

objectives proposed by teachers during the design of an activity can be accomplished. This 

is the crucial point where a technique, or a sequence of techniques, and an activity are 

linked.  

 

The ontology module is responsible for building the ontology in addition to its 

maintenance. The OTILIA ontology was constructed based mainly on the specialized 

literature, whose main vocabulary and definitions have already been introduced in chapter 

2. As a result, the proposed high-level concepts were compiled as shown in Figure 26.  

 

 

Figure 26. Domain model of a technique (upper-level concepts are presented) 

The “Technique” concept comprises two main knowledge branches. On the one hand, 

the technique analytics, more specifically, the learning context features, and on the other 

hand, the set of tasks to be performed by students and/or teachers. 

Concluding, the technique concept embraces all the necessary analytics to plan the 

teaching-learning episodes that a technique is suited for, in addition to all the needed 

structure of tasks that should be followed to execute that technique.  

An extract of the OTILIA main concepts and properties is shown in Figure 27. Besides 

the “Technique Analytics” and the “Technique Structure” concepts, there are also diverse 

examples of techniques for instantiation purpose, namely Debating1 and Debating2 along 
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with other examples in the Brainstorming point. This way, the ontology can increasingly 

grow throughout time. 

 

 

Figure 27. Extract of OTILIA main concepts (left), and properties (right) built within the Protégé Editor 

As mentioned before, concepts are mostly relationship oriented, which is one of the 

most important distinctions between an ontology and a classical taxonomy.  According to 

the already presented requirements, a set of properties was devised as well (see Figure 27). 

Table 25 shows the description of a representative set of the above presented properties. 

The remaining properties are easily deduced. A fundamental property to be highlighted is 

the helpsInObjective, once it aims at making a relationship between a technique and their 

potential teaching-learning objectives, more specifically, affective, learning or social 

objectives. As mentioned before, both affective and learning objectives follow the revised 

Bloom taxonomy.  

Table 25. Extract of properties' description of OTILIA ontology 

Property name Subproperties Meaning Data/Object 

property 

hasDelivery  Delivery mode (e.g. face to face, distance and 

blended). 

Object 

hasInteraction  Type of interaction (e.g. one to one, one to many, group 

based, and class based). 

Object 

hasPerception  Teacher's perception about some context feature.  Object 

 hasMotivation The level of motivation the teacher figures out to the 

class/student. 

 

 hasParticipation The level of participation in tasks the teacher figures 

out to the class/student. 

 

helpsInObjective  Technique and objectives connection point. Object 

 helpsInLearningObj Learning objective and technique connection.  

 helpsInAffectiveObj Affective objective and technique connection.  

 helpsInSocialObj Social objective and technique connection.  

hasResource  Resource for a task. Data (string 

type) 
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As an example, Figure 28 presents an extract of properties of a Brainstorming 

technique, more specifically, Brainstorming1, which stresses the high-level data format that 

will constraint any future instance construction of this technique. Meanwhile, instances of 

techniques can be inserted wherever SPs find it appropriate. In Figure 29, two examples of 

instances of the Brainstorming1 technique are presented, namely, the BR1_1 and the BR2_2 

individual instances. BR1_1, for instance, is adjusted to CREATING, DESCRIMINATING and 

ANALYZING learning objectives. 

 

Figure 28. Extract of properties assigned to a brainstorming technique built in Protégé Editor 

In turn, Distance category (DL_DT1 constitutes an individual instance of Delivery 

concept) was chosen for the delivery mode, whereas class based interaction type was 

selected (IN_CB1 constitutes an individual instance of Interaction concept).  

 

Figure 29. Snapshot of OTILA ontology and some individual instances examples (BR1_1 and BR1_2) 
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In section 4.5., relevant implementations decisions were already described. At this 

point, it is important to emphasise the association rules mechanism used for discovering 

relationships among techniques, such as "When the TLT1 is used with the TLT4 then the TLT3 

is also used". TLT1, TLT4 and TLT3 are generic names for TLTs. 

Among other java classes, the ACEM prototype adapted the FG-growth algorithm 

implementation sourced in the Weka package concerning association classes, performing 

the needed modifications for including the similarity calculation. In addition, the Apriori 

algorithm was also adapted for comparing resulting outputs by means of the execution of 

both algorithms. 

Figure 30 illustrates a representative extract of code concerning the FP-growth 

implementation and main related adjustments (in bold) as mentioned above.  

package weka.associations; 

import java.io.Serializable; 

... 

import weka.core.Capabilities.Capability; 

import weka.core.TechnicalInformation.Field; 

import weka.core.TechnicalInformation.Type; 

import recommender.model.RecommenderMechanism; 

... 

public class FPGrowth extends AbstractAssociator  

  implements OptionHandler, TechnicalInformationHandler { 

... 

 

public void buildAssociations(Instances data,double minSim, RecommenderMechanism rm) 

throws Exception {    

    getCapabilities().testWithFail(data); 

    boolean breakOnNext = false; 

  ... 

m_rules = AssociationRule.generateRulesBruteForceConstrained(m_largeItemSets, m_metric, 

m_metricThreshold, upperBoundMinSuppAsInstances,             

lowerBoundMinSuppAsInstances, data.numInstances(),minSim,rm); 

... 

} 

public static List<AssociationRule>  

      generateRulesBruteForceConstrained(FrequentItemSets largeItemSets, METRIC_TYPE 

metricToUse, double metricThreshold, int upperBoundMinSuppAsInstances, 

          int lowerBoundMinSuppAsInstances, int totalTransactions, double 

minSim,RecommenderMechanism rm) { 

... 

  boolean resp= rm.verifySimilarityItemSet(tecNames,minSim); 

             //     

              if (candidate.getMetricValue() > metricThreshold && 

                  candidate.getTotalSupport() >= lowerBoundMinSuppAsInstances && 

                  candidate.getTotalSupport() <= upperBoundMinSuppAsInstances && resp) { 

                // accept this rule 

                rules.add(candidate); 

       

 ... 

}} 

Figure 30. Extract of code of extended FP-growth 

As for the “verifySimilarityItemSet()” method, it was included for analyzing   

the interest of a list of techniques (“tecNames” argument) given a minimum similarity 

measure (“minSim” argument). The resulting evaluation determines the acceptance, or not 
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of an association rule. Added code regarding the recommender mechanism is presented in 

Appendix F.  

Meanwhile, Figure 31 displays an example of a “.arff”7 file, which is the input for 

building association rules. As it can be seen, nine techniques and sixteen transactions, i.e., 

activities, can be identified. 

@relation db-weka.filters.unsupervised.attribute.NumericToBinary 

 

@attribute Brainstorming1_binarized {0,1} 

@attribute ShortAnswer1_binarized {0,1} 

@attribute Debate1_binarized {0,1} 

@attribute Drill&Practice2_binarized {0,1} 

@attribute GuidedDiscussion1_binarized {0,1} 

@attribute RolePlay1_binarized {0,1} 

@attribute Voting1_binarized {0,1} 

@attribute Debate2_binarized {0,1} 

@attribute CaseStudy1_binarized {0,1} 

 

@data 

1,1,1,0,0,0,0,0,0 

1,1,1,0,0,0,0,0,0 

0,1,0,1,1,0,0,0,0 

0,1,0,1,1,0,0,0,0 

1,0,0,1,1,0,0,0,0 

0,0,1,0,0,1,1,0,0 

1,0,0,0,0,0,0,0,0 

0,1,0,0,0,0,0,0,0 

0,0,1,0,0,0,0,0,0 

0,0,0,0,1,0,0,0,0 

0,0,0,0,0,0,0,1,0 

0,0,0,0,0,1,0,0,0 

0,0,0,1,0,0,1,0,1 

0,0,0,1,0,0,0,0,0 

0,0,0,0,0,0,1,0,0 

0,0,0,0,0,0,0,0,1 

Figure 31. Example of a “.arff” file for building association rules 

Finally, Figure 32 shows a screenshot of the Recommender facility. After selecting an 

activity, the teacher can then select the "Recommender" button to know what techniques 

are recommended for the current activity. Diverse resulting techniques are showed in 

Figure 33. Three main outputs can be displayed. First, a set of numbered rules, i.e., 

combinations of techniques produced by the mining algorithm (left inner window). Second, 

an added output (right inner window) presents a list of techniques sorted by descending 

order with respect to the similarity measure. This is particularly important in case of the 

mining algorithm can produce no rule.  

                                                 
7 An ARFF (Attribute-Relation File Format) file is an ASCII text file that describes a list of instances sharing a set 
of attributes. 
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Figure 32. Screenshot of an activity data. 

Finally, the teacher is informed (inner small middle window) about the similarity 

value based on his/her choices.  

 

Figure 33. Screenshot of resulting combinations of techniques 
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Next section describes the main tools, frameworks and programing languages used 

for the implementation.  

 

The ACEM prototype has been implemented in Java programming language for 

recommending combinations of techniques for an activity. Diverse technologies have been 

used. Next sections are devoted to introducing them, and describing their main 

characteristics. 

 

Resource Description Framework (RDF) (RDF, 2014) is a data model for exchanging 

information in the Web for situations in which that information needs to be processed by 

applications, this way providing the exchange of machine understandable information, 

leveraging the interoperability facility. The RDF data model has an XML-based syntax. 

The resource entity drives the whole model. A resource may be places, people, cars, 

CDs, search queries, and so on. Every resource has a Uniform Resource Identifier (URI). In 

turn, a URI can be a Uniform Resource Locator (URL), or some kind of unique identifier.   

Relations between resources are represented by means of properties, for example, 

"bought by", "age", or "site-owner". They are also identified by URIs. 

In addition to resource and property entities, RDF provides other important concept, 

the statement concept. Statements assert the resources properties (Antoniou & Harmelen, 

2008). A statement is a subject-predicate-object triple, consisting of a resource, a property, 

and a value. Values can either be resources or literals. Literals are atomic values (strings).  

As mentioned above, RDF syntax is based on XML. The RDF document content 

comprises a number of descriptions, each one making a statement about a resource. 

However, RDF does not define the semantics of any domain, i.e., it is domain-independent. 

This way, it is up to users to define their own terminology in a schema language called RDF 

Schema (RDFS) (RDF Schema, 2014). A schema defines the vocabulary that will be used in 

the RDF statements and gives them specific meanings, which includes defining which 

properties to apply to which kind of objects, what values they can take, and finally 

describing relationships between objects. For example, an entity such as "is a subclass of" 

can be described. In conclusion, RDF Schema can be viewed as a primitive language for 

writing ontologies (p. 18) providing a lightweight ontology system. It is now possible to 

define types of objects (classes) in addition to individual objects (resources) as an RDF base 

document does.    
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As for OWL, it is a very popular formalism for writing ontologies. OWL language 

facilitates greater machine interpretability of Web content than that supported by XML, 

RDF, and RDF Schema by providing additional vocabulary along with a formal semantics.  

In section 3.1.6, several ontological languages descriptions are presented, including OWL. 

The OTILIA ontology was developed and tested in Protégé 4.3. 

 

SPARQL Protocol And RDF Query Language (SPARQL) (SPARQL Overview, 2013) is a 

RDF query language and data access protocol for the Semantic Web. It was standardized by 

W3C's SPARQL Working Group on 15 January 2008. The W3C Recommendation of SPARQL 

consists of three separate specifications (Yu L. , 2011): 

▪ SPARQL Query Language specification; 

▪ SPARQL Query XML Results Format specification; 

▪ SPARQL Protocol for RDF specification. 

The SPARQL query language is based on matching graph patterns, which in most 

forms contain a set of triple patterns called basic graph pattern. This way, a collection of 

triple patterns constitutes a graph pattern.  Triple patterns are like RDF triples but with the 

possibility of a variable instead of an RDF term in the subject, predicate, or object positions. 

The following example presents one of the query types used in the prototype 

implementation. 

 

PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>  

PREFIX owl: <http://www.w3.org/2002/07/owl#> 

PREFIX xsd: <http://www.w3.org/2001/XMLSchema#>  

PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#> 

     PREFIX onto: <http://www.semanticweb.org/ontologies/2014/4/untitled-

ontology-12#> 

SELECT DISTINCT ?tecnica   

WHERE  

{ ?inst a ?tecnica . 

  ?tecnica rdf:type owl:Class . 

  ?tecnica rdfs:subClassOf onto:Brainstorming  

} 

For instance, the above query retrieves all techniques that are subclasses of the 

Brainstorming technique. 

Regarding the results format specification, it aims at describing a standard XML 

format for returning the results of a SPARQL query, more specifically, the SELECT and ASK 
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queries type. This way, a simple and straightforward means is provided to be interpreted 

by an XML processor (SPARQL Query Results, 2013).   

Finally, the last specification can be summarized as follows:  

"SPARQL Protocol for RDF specification uses WSDL 2.0 to describe a means for 

conveying SPARQL queries to an SPARQL query processing service and returning the query 

results to the entity that requested them" (SPARQL Protocol for RDF, 2008). 

 

Jena is a Java API for semantic web applications. Jena framework provides a collection 

of tools and Java libraries to help programmers develop code that handles diverse 

technologies, namely RDF, RDFS, OWL and SPARQL. 

Researchers in HP Labs in Bristol, UK, started the Jena project in 2000. Jena has 

always been an open-source project, and has been extensively used in a wide variety of 

semantic web applications and demonstrators. In 2009, HP decided to narrow its 

participation in the Jena development, despite the remaining support for the project's aims. 

Meanwhile, the Apache Software Foundation adopted Jena in November 2010. 

Jena also includes a rule-based inference engine to perform reasoning based on OWL 

and RDFS ontologies, and a variety of storage strategies to store RDF triples in memory or 

on disk. To achieve a flexible approach, Jena has been divided into separate layers, as 

depicted in Figure 34. 

 

Figure 34. Jena layers perspective of Jena (adapted from (Jena Layers, 2013)) 

The Graph layer represents the graphs as abstract models. This way, a graph is called 

a model in Jena. A model can be sourced with data from files, databases, URLs or a 

combination of all the three. A model can also be queried. 

The Model layer has extended the core functionality in the Graph layer. This is the 

layer that most developers use to leverage Jena support in a business application. 
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The Ontology layer provides inference capabilities. That is, the ability to handle with 

triples that are implied and at the same time with those that have been explicitly defined.  

In short, the Jena Framework includes: 

▪ an API for reading, processing and writing RDF data and different output 

formats are possible, namely XML and N-triples; 

▪ an API for ontologies with support for OWL, DAML and RDF Schema; 

▪ a rule-based inference engine for reasoning with RDF and OWL data; 

▪ persistent storage support; 

▪ a query engine compliant with the latest SPARQL specification; and 

▪ servers to allow data to be published in other applications by means of a 

variety of available protocols.  

Finally, another decision had to be made, concerning the reasoner tool. 

Contextualizing this subject, a reasoner can be described as a means of making inferences 

from facts depicted as triples in an application. Consequently, an application can infer new 

facts, i.e., implicit facts can be deduced from the explicit facts each time new explicit facts 

are added.  

Jena comes with several reasoners and supports the ability to interface with third 

party reasoners like Pellet. For the scope of this work, the Pellet reasoner was chosen 

(Pellet, 2011). Pellet is an open-source Java based OWL 2 reasoning engine developed in 

Java. It provides functionality to check consistency of ontologies, compute the classification 

hierarchy, explain inferences, and answer SPARQL queries. 

The basic practical steps for executing the reasoner include initializing an ontology 

model (OntModel) and assign the Pellet reasoner as well. Then, the model is populated based 

on the ontology. The following Java code implements the mentioned actions. 

 

public class QueryOnto { 

 

private static String nameOwl = 

"file:///xampp/tomcat/conf/Catalina/localhost/OTILIA/OTILIA20151214.owl"; 

private static String classURI = 

"http://www.semanticweb.org/ontologies/2014/4/untitled-ontology-12#" ;  

private static String nameOnto; 

private static OntModel model; 

… 

private static void initializeModel(){ 

 

// Initializing an ontology model and bounding with the Pellet reasoner 

model = ModelFactory.createOntologyModel(PelletReasonerFactory.THE_SPEC); 

} 

… 

private int openOntoFile() { 

int r=0; 

try{ 

http://clarkparsia.com/pellet/
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        model.read(nameOwl); // populating the ontology 

   } 

   catch(Exception e){ 

       r=1; 

   } 

return r;} 

After that, the SPARQL query can be run over the model.  

 

WEKA (Weka Project, 2017) is a collection of machine learning algorithms for data 

mining tasks developed by the University of Waikato in New Zealand. Diverse data mining 

algorithms are provided for data preprocessing, classification, regression, clustering, 

association rules, attribute selection, experiments, workflow and visualization.  It is free 

software licensed under the GNU General Public License. 

Among other java classes, the ACEM prototype regarding the Recommender module 

uses Apriori and FG-growth algorithms implementations sourced in the Weka package 

concerning association classes, adopting the needed adaptations for similarity calculation 

purpose, as was explained above. 

 

Techniques recommendation encompasses the core subject of this research work, 

and consequently, the teachers’ point of view gains extreme relevance concerning a system 

that could help them diversify as well as adapt techniques for a proposed activity. In that 

sense, the evaluation methodology comprises two main components: an algorithm 

evaluation and a quantitative evaluation. 

The algorithm evaluation addresses performance characteristics as regards 

combinations of techniques produced by the mining algorithm supported by the proposed 

similarity measure.    

As for the quantitative evaluation, it combines a paper questionnaire, and experiment 

using the developed prototype. The questionnaire comprises a mixture of closed questions 

supported by a metric scale, and opened components for allowing teachers to give 

suggestions, comments and criticisms in their own words. Regarding the experiment, the 

main goal was to involve teachers in the creation of activities and, at the same time, test the 

recommender tool.  

The following sections describe the mentioned components.  
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The association rule mining procedure is part of the recommender model of 

techniques, as described in section 4.5. In addition, a similarity calculation was devised and 

included in the association rule algorithm, which is supported in the standard FP-growth 

algorithm. For that reason, the obtained extended FP-growth algorithm includes an added 

threshold, namely, the minimum similarity measure besides other standard measures as 

the minimum confidence, and the minimum support. 

The experimental evaluation comprises a performance comparison among three 

mining algorithms, more specifically, the Apriori, the standard FP-growth, and the extended 

FP-growth. The first two do not address the similarity calculation, whereas the latter does. 

 

Activities and techniques are the basic input for the rule mining algorithm. Activities 

data comprise diverse attributes, including their inherent techniques. Consequently, a 

matrix of activities versus techniques need to be realized. Those activities are the regular 

transactions in data mining algorithms. In turn, the item components comprise the used 

techniques. 

For this experimental evaluation, four datasets were constructed containing activities 

data. The first group of two contains 20 activities, whereas the other group contains 100 

activities each. For each mentioned group, one dataset contains all attributes (i.e., 

techniques) confirmed (i.e., the worst situation/case), and the remaining dataset contains 

attributes randomly confirmed. Regarding the item component, 12 techniques were used. 

Tables 26 and 27 summarize planned activities, and techniques main features, respectively.  

All the experiments were performed on a 998 MHz Intel machine with 4 GB main 

memory, running on Microsoft Windows 10.  

Table 26. Extract of the activity data set 

Name Dlv Itr Perception Fb Scp Learning objectives ... 

   ItrRS Mtv Ptp Pfc       

Math1 F2F C H H H H H CE F:Defining P:Solving   
History1 F2F C H L M M L OE C:Describing P:Planning P:Inventing  

Philosphy1 F2F C M L M M L OE F:Describing C:Explaining   
Economics1 B G H L H H L CE C:Explaining P:Constructing   

Biology1 B G M M P P M CE F:Listing F:Describing P:Generating  

Philosphy1 B C H H H H H OE C:Explaining P:Judging   
Math2 F2F C L H L L H CE F:Describing P:Solving   

Biology2 F2F G M H M M H CE C:Analising C:Explaning   

Economics2 F2F G L M L L M CE F:Recall C:Explaining P:Solving  
...             
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Legend:     
Dlv=Delivery F2F=Face-to-face B=Blended D=Distance  
Itr=Interaction C=Class G=Group O2M=One-to-many O2O=One-to-one 
ItrRs=Interrelationship Mtv=Motivation Ptp=Participation Pfc=Performance  
Fb=Feedback     
Scp=Scope OE=Open ended CE=Close ended   
Learning Objectives: F=Factual C=Conceptual P=Procedure M=Metacognitive 
H=High M=Medium L=Low N=None  

Table 27. Extract of the technique data store 

Name Dlv ... Itr ... Learning objectives ... 

 F2F B D  G C O2M O2O     

Brainstorming1 x  x  x x x   F:Defining C:Describing ... 

GuidedDiscussion1 x     x x   C:Explaining P:Solving ... 
Jigsaw1 x     x    F:Defining P:Solving ... 

ConceptMapping1 x  x  x x x   C:Describing P:Generating ... 
RolePlay1 x     x    C:Describing P:Planning ... 

Debate1 x    x x    F:Defining P:Explaining ... 

Drill&Practice1 x x   x  x x  C:Describing P:Generating ... 
CaseStudy1 x  x  x x x   C:Explaining P:Contrasting ... 

Voting1 x  x   x x   C:Explaining P:Constructing ... 

ShortAnswer1 x x   x x  x  F:Defining P:Generating ... 
Debate2 x  x  x x x   F:Defining M:Creating ... 

Drill&Practice2 x x x  x x x x  F:Describing P:Solving ... 

Table 28 reports experimental results regarding the Apriori, the standard FP-growth, 

and the extended FP-growth algorithms supported on the referred data sets. For all 

implementations the minimum confidence and the minimum support were set at 0.4 and 

0.3, respectively. Only the extended FP-growth uses the added minimum similarity 

measure, for which five levels were contemplated.  

 

Although the data sets size is relatively small, it is possible to observe some 

tendencies. Regarding the random scenario, all implementations reveal similar run time 

either for 20 or 100 transactions. However, for the worst scenario the performing of the 

three algorithms are in line with what is expected. Comparing the Apriori and the FP-

growth results, the lower performance of the former is confirmed, which is entirely 

consistent with the specialized research in this subject. Similarly, the extended FP-growth 

is slower than the two other methods as extra tasks need to be accomplished for calculating 

the similarity measure. In this case, further research is needed to come to an efficient trade-

off between the run time and the utility of rules.  

As for the minimum similarity different levels results, the major gain is reducing the 

potential large number of produced rules, which combined with confidence and support 
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thresholds can all together promote a personalized and adequate set of recommendations 

of techniques.  

Concluding, there are a lot of interesting research issues related to the extended 

implementation of the mining algorithm. The execution time is probably the first issue to 

tackle.  Specialized pruning functions may be included in the algorithm to enhance its 

performance. Meanwhile, a different implementation is not discarded, yet further research 

is needed.  

Table 28. Compared results on four datasets  

  Data set 1 – 20 transactions (random) Data set 2 – 20 transactions (worst case 
scenario) 

 minSim 0.0 0.5 0.7 0.9 1.0 0.0 0.5 0.7 0.9 1.0 

e
xt

. F
P

-

gr
o

w
th

 

#rules 116 93 71 0 - 18660 18328 17292 6968 6 

r. time  55 48 48 52 - 3431 3359 3232 3385 2928 

FP
-

gr
o

w
th

 

#rules 116 18660 

r. t.(ms) 25 550 

A
p

ri
o

ri
 #rules 116 18660 

r. t.(ms) 20 803 

  Data set 3 – 100 transactions (random) Data set 4 – 100 transactions (worst case 
scenario) 

e
xt

. F
P

-

gr
o

w
th

 

#rules 195 147 62 0 - 18660 18328 17292 6968 6 

r. t.(ms) 75 57 60 57 - 3618 3404 3579 3264 3214 

FP
-

gr
o

w
th

 

#rules 195 18660 

r. t.(ms) 26 597 

A
p

ri
o

ri
 #rules 195 18660 

r. t.(ms) 32 1027 

Next section presents the quantitative evaluation. 

 

In that sense, the quantitative evaluation aims at obtaining a representative sampling 

of teachers' feedback to assess the recommender mechanism proposal of techniques by 

means of a software application for activities design scope. The reminder of this section 

describes the methodology pursued, the results, and the meaningful conclusions.  
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To this end, the following steps were carried out: 

▪ Firstly, a summary of the main characteristics of the research work was 

presented; 

▪ Then, the paper questionnaire was delivered to the teacher (full 

questionnaire in Appendix F); 

▪ Meanwhile, the prototype was introduced.  

▪ After that, the author took the role of the scholar psychologist to exemplify 

a technique design. It took about 5 minutes. 

▪ Now, the teacher was asked to interact with the application creating an 

activity. It took about 10 minutes; 

▪ After creating an activity, the teacher was asked to select the recommender 

functionality and interpret the results, i.e., the recommended technique, as 

individual or combinations of techniques, if any. This step may be repeated 

as well as the creation of other activities; and 

▪ Finally, the teacher was asked to complete the questionnaire. Completing the 

questionnaire took from 10 to 20 minutes, in general.  Teachers were free to 

complete the questionnaire later on, and email it when it was finished.  

Diverse screenshots of the prototype showing teacher as well as scholar psychologist’ 

interactions are presented in section 4.6. Next section describes the quantitative evaluation 

carried out, which reveals interesting results for supporting this research work. 

 

The study is composed of 15 teachers from the 3rd cycle, secondary education and 

higher education. They were randomly selected, and their scope of subjects is diverse, more 

specifically, Portuguese Language, English Language, Mathematics, Economics, Computer 

and IT, Biology, Visual Arts, Algorithms and Programming, Interfaces and Design, and 

Microcontrollers.  

The participants are all skilled and experienced in teaching. Gender differentiation 

was not considered. The average teaching time by level of teaching is 17, 17.4, and 23.4 

years for 3rd cycle, secondary education and higher education, respectively (see Figure 35). 
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Figure 35. Average teaching experience  

The questionnaire is composed of seven questions, each being complemented by a 

text section for suggestions or comments. This way, teachers could write in their own words 

what they think about each question.  Ordinary variables with different metric were used, 

which depends on the question goal. 

 

The evaluation results are initially revealed by presenting the quantitative 

information, followed by the textual information, ending with diverse information 

regarding teacher's behaviour during the experiment.   

Question A 

"How relevant is your previous practical experience in the design of TLAs?" 

Relevant  Irrelevant 

Extremely  Moderately  Slightly  Neither… nor Slightly  Moderately  Extremely  

80% 20% 0% 0% 0% 0% 0% 

As for question A, it points out the real importance of previous practical experience 

acquired during teaching. These results validate how comfortable teachers are with their 

own teaching experience. However, one possible consequent issue that can emerge is how 

their behaviours are open to experience new ways of teaching. 
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Question B 

 "Teaching is a very demanding and time-consuming activity, leaving little time for teachers to 
update themselves on current pedagogical achievements. How much do you agree with the 
previous statement?" 

Agree  Disagree 

Strongly Agree Neutral Disagree Strongly 

53% 47% 0% 0% 0% 

Taking into account the results to question B, it can be stated that there is a general 

agreement concerning teachers not having much time left to update their knowledge about 

recent achievements in educational pedagogies. It can be confirmed that teachers spend 

most of their time preparing activities and assessing students, among other tasks, therefore 

not having valuable time to invest in their own training, and improving and implementing 

innovative technological and practical teaching approaches. In addition, it was possible to 

identify diverse constraints, namely institutional decisions, lack of continuous pedagogical 

update training courses, and scarcity of resources. 

Question C 

"The design of teaching-learning activities involves the definition of diverse aspects such as subject 
matter, learning objectives, target population, difficulty level and duration. How often do you take 
them into account in TLAs design?" 

Never Rarely Sometimes Usually Often Always 

0% 7% 13% 20% 20% 40% 

As for question C, it reveals that those mentioned aspects are considered by teachers, 

showing teachers’ concerns in preparing activities following familiar guidelines. 

 

Question D 

"A recommender system can be described as 'any system that produces individualized 
recommendations as output or has the effect of guiding the user in a personalized way to 
interesting or useful objects in a large space of possible options'. Following the above statement, 
how do you see the necessity of a recommender system for TLTs to support teachers in TLAs 
design?" 

Necessary  Unnecessary 

Extremely  Moderately  Slightly  Neither… nor Slightly  Moderately  Extremely  

27% 60% 13% 0% 0% 0% 0% 

Question D reveals the teachers' interest in experimenting a recommender 

mechanism. It can be stated that this topic was very enthusiastically welcome by the 

interviewed. The majority have affirmed that the only recommender systems they known 
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are in the scope of the Internet, for example, for books, tourism, and music 

recommendations. Therefore, this system characteristic has attracted large interest. 

Question E 

"How would you rate the developed recommender system regarding the following aspects?" 

 Satisfied  Dissatisfied 

 Very Somewhat Neither… 

nor 

Somewhat Very 

Easy for completing the overall steps 73% 27% 0% 0% 0% 

Easy for memorizing the overall steps 40% 53% 7% 0% 0% 

Easy for recovering mistakes 33% 60% 7% 0% 0% 

Satisfaction with the interface design 33% 47% 13% 7% 0% 

Features/functionalities provided 20% 80% 0% 0% 0% 

In respect to Question E, the main goal is to obtain the overall interviewers' 

assessment considering diverse prototype features. Based on the results above, it reveals 

that the interviews have felt comfortable, yet the author knows that diverse improvements 

are needed, as will be described in the next chapter. 

 

Question F 

"The use of an automatic mechanism for teaching-learning techniques recommendation to assist 
teachers in teaching-learning activities design will motivate teachers to diversify and to adapt new 
and different teaching-learning activities." How much do you agree with the previous statement? 

Agree  Disagree 

Strongly Agree Neutral Disagree Strongly 

33% 67% 0% 0% 0% 

Regarding Question F, it is focused on teachers' opinion about the main subject of this 

study, that is, whether teachers demonstrate interest in using a recommender system to 

diversify and adapt techniques to learning episodes. As shown in table below, there is an 

evident predisposition to experiment new approaches and change routine behaviours in 

activities design. 

Question G 

"Would you recommend the recommender system proposal for education settings?" 

Extremely Very Moderate Slightly Not at all 

47% 47% 7% 0% 0% 
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Finally, Question G clearly confirms the teachers' opinion about recommending the 

system proposal while diverse improvements were also pointed out.  

In order to complement the above quantitative information, a set of main 

considerations were transmitted by the interviewers in written mode. Some of them are 

presented below. 

 

Translation: 

“The software should be approved by the Ministry of Education to be disseminated and 

made available to schools and teachers.” 

 

Translation: 

“The software should provide keywords about the chosen subject to enhance searching. 

The letter font should be larger.” 

 

Translation: 

“This type of application facilitates the teaching learning process. I consider it a good tool 

to diversify methodologies.” 



Evaluation  

 - 125 - 
 

 

Translation: 

“Teamwork among teachers and the scholar psychologist would facilitate the process.” 

 

Translation: 

“The diversification, the teachers’ motivation will be improved using the techniques 

exposed.” 

 

Translation: 

“The range of activities features should be restricted, and learning context limited. The 

application can be useful for developing school textbooks.” 
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Translation: 

“Based on the results of the activity, try to figure out at what extent we are able to monitor 

the tasks performance, and thus help to improve each student’s individual competences.” 

 

Translation: 

“With such heterogeneous students, it would make it easier for the teacher to have a tool 

that would suggest a technique. This way, this application should be available to all teachers.” 

Finally, considering the observation component, it could be stated common traits by 

the teachers' behaviour during the experiment, which can be isolated in three moments. At 

a first moment, which is devoted to presenting the questionnaire main goal, the 

interviewers seem to be distrustful of what was transmitted to them. As the experiment 

unfolded, they felt curious. By the end, they were very interested, which triggered 

interesting questions, basically to have a deep understand regarding the recommender 

model.  

Next section presents a practical interpretation of the results.  

 

As mentioned in the last paragraph, in general three teachers’ stats of mood could be 

observed throughout the experiment: distrustful, curious, and interested moods. It seems 

quite normal as they confirmed that a tool for recommending techniques were, in a certain 

way, a novelty for them. In addition, it could also be stated that diverse recommended 

techniques revealed being completely new for them, and therefore, those techniques would 

have practically null probability to be used as they did not even know their existence. The 

Jigsaw technique is an example. However, regarding the familiar techniques that were 

recommended by the prototype, the teachers’ behaviour expressed agreement, in most 

cases. The teacher’s common statement was “it makes sense”. 

This way, the proposed model was considered very attractive to be used in 

educational contexts since all could benefit from it especially novice teachers as was 

commented by some interviewers. It also can be stated that despite trusting very hard in 
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their practical experience, teachers are opened to try different approaches, namely try 

different techniques.  

 

This chapter focused on presenting the proposed model for techniques 

recommendation, including the implementation details along with the evaluation 

procedure that was conducted. The former topic addressed two main subtopics, namely the 

collaborative work among experts, and the hybrid recommender system proposal. A design 

support methodology was considered to cope with the collaboration subtopic. As for the 

recommender model, an algorithm was described, which is sustained in different 

mechanisms, namely, a similarity calculation, and association rules. In addition, the 

ontological engineering solution was described. Besides, the OTILIA ontology was 

presented.  

As for the evaluation procedure, a quantitative evaluation was described, which was 

carried out to sustain the main goal of this thesis. It was composed by two main 

components, namely a paper questionnaire, and an experiment using the developed 

prototype. The results interpretation reveals that the proposed model satisfies the main 

goal of this research work, therefore meeting the initial expectations.  

In addition, it was described an algorithm evaluation for comparing the performance 

of three algorithms, namely, the classic Apriori, the standard FP-growth and the extended 

FP-growth concerning the rules mining mechanism. For that purpose, a similarity 

calculation was devised and then included in the latter algorithm for filtering and enhancing 

the produced rules in terms of quantity and qualitative issues as well. The results confirm 

what was expected. The extended FP-growth runs slower comparing with the remainder 

algorithms as extra time is needed to calculate the similarity measure for each produced 

rule. To improve its performance, extra pruning procedures may be devised, yet further 

research should be carried out. As for the standard FP-growth and the Apriori algorithm, 

the former runs faster than the latter even when the data sets size is not larger. 

Next chapter is devoted to summarizing the main research work carried out in this 

thesis, presenting the achieved objectives as well. In addition, future work research is 

envisioned, and the final conclusions are drawn.  





 
 

  

This chapter aims at concluding the research work developed throughout this 

thesis. First, the research work carried out in this thesis is summarized. 

Second, the achieved objectives are highlighted. Third, future work research 

is devised. Finally, the conclusions concerning the overall research work are 

drawn. 

 

As described in section 1.2 the hypothesis that underpinned this thesis concerns the 

use of a recommender model for recommending techniques that fit better to activities 

designed by teachers. The main goal is driven by diversification and adaptability issues. As 

for ACEM, it is founded in two main principles. The first is related to the collaboration work 

among several actors. The main idea was to bring to the "scene" diverse actors fostering a 

collaborative participation in all the process. Regarding the second, it is devoted to an 

automatic recommendation mechanism, by means of a hybrid recommender approach, in 

order to provide personalized and useful guidelines during the design/authoring process, 

more specifically, to help teachers in choosing appropriate techniques in accordance with 

their goals.  

In this sense, diverse research efforts were carried out. First, it was necessary to 

gather relevant knowledge in human learning domain aiming at providing structured 

foundations for planning and conducting instructional design activities (Ertmer & Newby, 

2013).  The author's participation in conferences, workshops and short-term courses, 

including at ISEP and FEUP, were clearly important. Diverse themes were addressed, 

namely motivation, e-learning courses design, teaching-learning methods/techniques, 

learning objectives design, and syllabus planning. These sources of knowledge prompted 

deep insights in how learning occurs as well as good pedagogical practices.   A 
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straightforward conclusion has arisen after a long period of reflection and discussions: 

there is no unique definition about the learning concept itself, how learning occurs, which 

teaching-learning methods and techniques fit better to a particular educational episode or 

student, which methodologies for designing activities are the most accurate and 

appropriate, and how to diversify and adapt techniques to a learning scenario. Combining 

these issues with the potentialities of the digital age, heterogeneous students’ needs and 

preferences, the overall subject gains significant complexity being extremely topical in the 

learning design.  

Second, diverse concepts were defined for this research work, namely the activity and 

the technique concepts. The Unit of Project concept was described as well. This concept 

embraces data of an entire activity (and its inherent techniques) with extra data, namely, 

creation date, teacher identification, among other features.  

This led to the third stage of this research work, which aimed at devising a 

methodology to design activities, as explained in section 4.3. Basically, collaborative work 

among several actors was promoted, each one contributing in different ways to the same 

general goal: activities design, including techniques maintenance. The Educational 

Psychologist and the Scholar psychologist have special importance in all that process. The 

former is responsible for defining the high-level characterization of techniques, whereas 

the latter can create instances of each technique to be used by teachers during the activities 

design itself. In this conceptualization, it is allowed that several SP create different instances 

for the very same high-level activity, for instance, the Brainstorm technique may have 

different concretizations depending on the SP's point of view. It is justified as no unique 

definition can be pointed out for a technique. 

The fourth stage is linked with the engineering solution for data representation. In 

this respect, an ontological approach was chosen. This approach is justified by the fact that 

it can embrace different features, namely interoperability, the computation inference and 

reuse of knowledge. In addition, it can respond to easy extension capabilities. Broadly, it 

provides a clear separation between the high-level knowledge (i.e., techniques modelling) 

and the instances of techniques, which are supposed to be created over time by scholar 

psychologists.  

As for the fifth stage, it was developed the TecRec algorithm for recommending 

techniques. Shortly, it combines two main mechanisms, a similarity calculation, and an 

association rules mining mechanism. Basically, during the design process, a teacher can ask 

for techniques sequences/combinations to be incorporated in an activity, and in this case 

the recommender algorithm starts by gathering information from two data sources, namely 

a repository of UoPs (i.e., past activities including extra data), and a repository of 

techniques. In addition, a similarity calculation is carried out to obtain scores between the 
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activity target (i.e., the activity for which the teacher wants to know potential techniques 

recommendations), and each past activity. These scores will allow ranking activities, and 

more specifically their inherent techniques once activities data embraces techniques as 

well. Finally, the resulting activities and techniques are used in a discovering rules phase, by 

means of the extended FP-growth algorithm. The mentioned extension aims at discarding 

rules for which the similarity calculation is lower than a minimum threshold provided by 

the user.  This way, for each rule a similarity procedure needs to be carried out before 

adding it to the final set. The resulting set of rules is showed to the teacher including the 

computed similarity measure for each rule. The rule data presents valuable relationships, 

as the following example illustrates: "When the TLT1 is used with the TLT4 then the TLT3 is 

also used ". Teachers can now select a combination of techniques from the provided list.   

The sixth stage concerned the implementation of a prototype that could support the 

evaluation of the recommendation model. Its architecture comprises four main modules: 

the Activity, the Technique module, the Ontology module, and finally the Recommender 

module, as explained in section 4.6.  

Finally, the evaluation of the proposed model was carried out. To address the 

hypothesis (see section 1.2) that drives this research work, the evaluation of the proposed 

model was divided into two parts. First an algorithm evaluation was presented for 

comparing the performance of three algorithms, namely, the Apriori, the standard FP-

growth and the extended FP-growth used to recommend techniques. Second a quantitative 

evaluation was realized, which combined a paper questionnaire and an experiment using 

the developed prototype. For that purpose, a questionnaire was distributed to teachers 

from the 3rd cycle, secondary stage, and higher stage. Although the teachers' sample was 

small, they have relevant experience in teaching.  

The following section presents the achieved objectives resulting from the research 

work presented in this thesis.  

 

As introduced in section 1.2, the main goal of this thesis was to propose and validate 

a recommender model of techniques for scaffolding activities. To reach that goal, three 

specific objectives were set up.  

The first one aimed at describing activities and techniques to support the model 

proposal for recommendation of techniques.  As far as these two concepts are concerned, 

the specialized literature presents no unique definitions. As a result, a considerable effort 

was made to gather, classify and synthesize the needed data in accordance with the above 

goal. The OTILIA ontology was developed for modelling techniques. Both the DialoguePlus 
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and the Revised Bloom taxonomies were used to support the activities and techniques 

modelling among other knowledge sources as explained in section 2.3.  

The second objective consisted in a broad methodology proposal for describing the 

overall procedures from the techniques modelling until the running of activities (see 

section 4.3.3). The collaborative/cooperative work among several experts is the main focus, 

and its practical utility is claimed to lever the knowledge exchange to design learning 

scenarios based on diversification and adaptivity characteristics. In that sense, a set of main 

actors were introduced (i.e. educational and scholar psychologists, teachers and ontological 

engineer). In addition, a sequence of steps was considered to attain the proposed goal. As 

affirmed, Learning, Instructional and Instructional Design research domains embrace a 

huge set of concepts, which are not always clearly defined. In this respect, it is important to 

highlight those participants’ role in order to contribute for clarification as well as 

completeness of the overall process. 

Finally, as for the third specific goal, a hybrid recommender system was developed. 

As mentioned in section 1.2 important efforts have been carried out in computer-based 

recommender systems design to meet students’ goals and needs. Meanwhile, the 

mechanisms for recommendation vary significantly and they are based on different criteria, 

for example, students’ learning styles, students’ background knowledge, learning 

objectives, and human intelligence theories achievements (Mota & Carvalho, 2009). As for 

the recommender approach proposal, it is driven by two main mechanisms, namely a 

similarity calculation, and association rules. The main goal is to obtain potential 

combinations of techniques that best fit teachers’ goals, as explained in section 4.5. 

As the main conclusion, the results obtained by means the quantitative evaluation 

revealed a very optimistic position from teachers regarding the recommendation feature 

emphasizing that its use in educational settings is recommended.  Although the teachers' 

sample was small, they have relevant experience in teaching. It should be highlighted that 

more results can only be obtained over time through regular use of the prototype once the 

construction of association rules is more meaningful for large sets. However, diverse 

conclusions can be envisioned, which are aligned with early results. Those expectations are 

supported in two main facts. First, the recommender model promotes interaction between 

teachers and the scholar psychologist for overcoming inadequacy issues regarding 

techniques and activities goals. The SP can instantiate a technique to accomplish the 

teacher’ goal, and consequently “feed” the recommender system as well as increase the 

range of future automatic recommendations. Moreover, technique diversification can also 

be accomplished. Second, activities ratings assigned by teachers are also a powerful 

measure.  This way, the teacher’ s satisfaction combined with the three used thresholds, i.e., 



Future work  

 - 133 - 
 

confidence, support and similarity, can all together provide a personalized and adequate set 

of recommendations of techniques.  

Combining all those mentioned aspects, it can be concluded that the results suggest 

effective benefits, thus motivating teachers in using adaptive and diversified techniques, 

considering the class, the group or the individual student's characteristics.  

Next section presents diverse aspects for improving the current research work. 

 

Apart from all the achieved results, it can be noticed that important efforts can be 

traced to improve the devised proposal. Generally, it is planned to enrich the techniques 

recommendation model as well as to improve the implementation aspects of the prototype 

to a level that meets the requirements targeting at a final product. This way, a broader 

implementation is envisioned by means of a project involving diverse participants sourced 

in different knowledge areas, namely, Educational research, Software Engineering, 

Ontology Engineering, Artificial Intelligence and Systems Architecture. 

In detail, the proposed improvements can be described as follows. 

▪ Aligning objectives, teaching and assessment. Regarding the two first, the 

aligning issue is met once the model proposal of activities design accounts for 

learning objectives. In addition, techniques have been characterized using 

diverse features, including learning objectives that they best fit. As for the 

assessment, it is important to integrate a mechanism concerning the 

assessment issue in a way that facilitate a link between learning objectives 

and appropriate assessment tasks. In addition, it will be very fruitful if 

students' assessment results could be considered in the recommender 

algorithm along with activities ratings assigned by teachers.  The following 

sentence complements the mentioned thought: 

"[…] objectives express the kinds of understanding that we want from students, the 

teaching context encourages students to undertake the learning activities likely to achieve 

those understandings, and the assessment tasks tell students what activities are required of 

them, and tell us how well the objectives have been met." (Biggs, 1999) 

▪ Test other association rules algorithms. As mentioned earlier, an extension of 

the FP-growth algorithm was devised, which integrates a similarity 

calculation for discovering the most appropriate combinations of techniques. 

However, the mentioned algorithm runs slower comparing with the standard 

FP-growth. To improve its performance, either extra pruning procedures or 



A model for teaching-learning techniques recommendation to support teaching-learning activities design  

- 134 - 
 

 

other algorithms can be considered, yet further research should be carried 

out. 

▪ Improving prototype characteristics. Basically, the overall architecture might 

follow current trends regarding Conversational systems, which have been 

identified by Gartner as one of top strategic technology trends for 2017 

(Gartner, 2017).  A conversational approach may exchange information to 

guide a filtering process in a more accurate way. It is the case of the technique 

domain where many attributes can be considered. The decision about which 

attributes may be relaxed can be negotiated with the teacher as well. Other 

approaches can be followed, for example, the teacher specifies a number of 

changes requests for the technique, or techniques, being currently 

recommended. The process continues until the teachers’ requirements are 

meet. However, further experiments need to be carried out to reach a 

sustainable decision.    

Next section concludes this thesis with reflected considerations about the overall 

research work. 

 

It can be stated during the research work path that educational technologies, in 

general, have a long way to pursuit in order to meet current requirements, namely 

adaptability, personalization, reusing and interoperability. For that purpose, software tools, 

and AI have a great role in developing intelligent systems for education domain that learn, 

adapt and potentially act autonomously.  In this particular case, automatic and intelligent 

mechanisms to guide teachers in choosing, for example, which techniques, strategies, or 

methodologies to adopt, are still a vision. This trend is far from being achieved, which can 

be confirmed in daily practice at schools, in general. 

Concluding, a long challenging way with ups and downs has been taken. However, it 

can be affirmed that all the work carried out was very worthwhile and gratifying. The 

recommender model proposal of techniques emerged in response to work experience, and 

therefore this research work expectation is to contribute to diversify different teaching-

learning practices in a way that a wider range of students be motivated as well as to improve 

the overall students’ achievements results.     
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This Appendix aims at describing relevant definitions related to the e-Learning 

domain in order to frame diverse conceptions concerning this domain as well as to get an 

overall "picture" of relevant historical foundations. 

e-Learning has its roots in Distance Education (DE), and it cannot be fully understood 

without contextualizing the latter subject. Michael Moore and Greg Kearsley state:  

“Although some people think distance education began with the invention of the 

internet, this is wrong. You can only understand the methods and issues in distance education 

today if you know their historical background.”  (Moore & Kearsley, 2012, p. 23) 

The historical background of DE begins with courses of instruction that were 

delivered by post, which happened by 1880s. From that point, it is possible to identify 

several generations. A common classification is illustrated in Figure 36. 

 

Figure 36. Five generations of Distance Education (Moore & Kearsley, 2012, p. 24) 

The last generation represents an enormous revolution both in technological means 

and in the diversification of learning methods, namely, peer learning, besides the 

individualist learning. This generation is also associated to the birth of e-Learning. 
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Other classification is presented by Desmond Keegan regarding DE matter. He 

classifies DE in three models: conventional teaching, teaching at a distance and teaching 

face-to-face at a distance.  

Regardless of the classification, the DE domain is focused on a set of research aspects, 

which include interaction versus learner autonomy; self-paced versus peer learning; 

blended learning versus learning at distance; scale versus efficiency; drop outs versus 

retention strategies; and learning theories. Those research matters have shown the need 

for formal theories. Major theories have been created since 1980s. Table 29 includes a 

summary of relevant DE theories/streams and their main principles. 

Table 29. Relevant DE theories/streams (Moore & Kearsley, 2012) 

Theory/streams Authors Main Principles 

Industrial theory Otto Peters Product of the industrial society; systematic planning; mass 

production of materials; automation; standardization; quality control; 

specialization of the workforce. 

Transactional distance and 

learner autonomy 

Michael 

Moore 

Purposeful, constructive and valued dialogues between  teachers and 

learners  supporting no face-to-face communication; learning 

materials are learner oriented; learner independence; separation of 

teaching and learning acts. 

Guided didactic conversation Borje 

Holmberg 

Guided conversation aiming at learning; interpersonalization of the 

teaching process at a distance; develop printed materials supported 

in diverse processes: thinking aloud, the interaction of the text 

content with prior knowledge of the learner, private reasoning and 

silent reading; learner independence. 

A theory of reintegration of 

the teaching and learning acts 

Desmond 

Keegan 

Interpersonal communication to cope with no presential 

environments; learning materials embedded  with interpersonal 

communication. 

A theory of  communication 

and learner control 

Randy 

Garrison 

Two-way communication between teacher and learner supported in 

diverse technological means; interaction, dialogue and debate; 

learner control in contrast with the learner autonomy;  learner 

collaboration in the teaching-learning process. 

The roots of e-Learning (electronic learning) are traced back to 1980s coinciding with 

the Online learning term appearance. 

e-Learning is closely associated with a type of teaching and learning methodology 

with the following characteristics: 

• Use of the Internet as a means of communication; 

• Unsuitable to face-to-face courses; 
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• Possibility of synchronous and/or asynchronous communication supported 

in diverse communication tools, for example: chats, forums, electronic mail, 

videoconference. 

Learning management systems (LMS) are also very connected to the e-Learning term 

as platforms to deliver learning materials and promote asynchronous communication 

involving teachers and learners. Finally, repositories of learning objects encompass a 

familiar term to the e-Learning community.  

However, over the years, some conceptions were reconsidered and new ones have 

become part of the scientific research. The main turning point was the focus on the learning 

aspect in contrast to the learning materials delivery only. This aspect revealed an important 

issue, which contributes to leverage the scientific research. Consequently, researchers have 

initiated great efforts to understand and use the best learning models in designing units of 

learning, independently of their granularity, i.e., a course, a module, or an activity.  This way, 

feedback, personalization and adaptability terms have gianed major interest. At the same 

time, sharing, reusability and interoperability of learning materials, including courses, 

lessons, and activities, have become powerful expressions. To this point, education 

modelling languages, patterns, scripts, standards, and authoring design tools constitute 

good practical examples.      

Finally, diverse definitions of e-Learning are presented. First, Morten Paulsen (2003) 

defines e-Learning as: 

“…interactive learning in which the learning content is available online and provides 

automatic feedback to the student’s learning activities. Online communication with real 

people may or may not be included, but the focus of e-learning is usually more on the learning 

content than on communication between learners and tutors. E-learning could be viewed as 

an online descendent of computer-based training (CBT) and computer-aided instruction 

(CAI).” (Paulsen M. , 2003) 

Next, Peter Goodyear's definition: 

 “e-Learning is the systematic use of networked multimedia computer technologies to 

empower learners, improve learning, connect learners to people and resources supportive of 

their needs, and to integrate learning with performance and individual with organisational 

goals.” (JCALT, 2001, p. 153). 

Then, Carlos Vaz de Carvalho presents the following definition for e-Learning: 

“e-Learning represents a teaching-learning methodology with a great space-time 

flexibility in the relationship among Education Institution, teachers and students." (Carvalho, 

2006) 
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The ASTD online glossary defines e-Learning as follows:  

“e-learning covers a wide set of applications and processes such as web-based learning, 

computer-based learning, virtual classrooms and digital collaboration. It includes the delivery 

of content via the Internet, intranet/extranet, audio and videotape, satellite broadcast, 

interactive TV and CD-ROM.” (ASTD, 2016). 

The practice guide in designing for learning created by the Jisc organization registers 

the following definition: 

“e-Learning can cover a spectrum of activities from supporting learning, to blended 

learning (the combination of traditional and e-learning practices), to learning that is 

delivered entirely online. Whatever the technology, however, learning is the vital element." 

(JISC, 2014). 

and adds: 

“e-Learning is no longer simply associated with distance or remote learning, but forms 

part of a conscious choice of the best and most appropriate ways of promoting effective 

learning." 

As can be inferred by the previous definitions, there is no consensus about e-Learning 

definition, and there is a long way to get one. However, most of the present e-learning 

perspectives are closely related to the JISC perspective, as the learning issue ("[…] learning 

is the vital element.") is the core aspect in e-Learning in contrast to the delivery means, or 

used technology. 



 
 

  

DialogPlus taxonomy is a product of the Dialogue project, which was developed in the 

scope of the LADIE reference model (LADIE, 2012). This model supports, on the one hand, 

the design and construction of learning activities and the discovery, specification, 

sequencing and packaging of content, and on the other hand, the construction of the 

environment in which learning activities are to take place and execution of the learning 

activities themselves. Table 30 presents a summary of the teaching-learning tasks. 

Table 30. Summary of the teaching-learning tasks categories 

 

 

 

 

 

 

The overall taxonomy comprises diverse domains applied to the activities design. It 

is divided into two branches: the context and the task branch. The following tables present 

all data related to the taxonomy. 
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Table 31. Overall of the DialogPlus Taxonomy (context branch) 

Taxonomy of learning activities 
Context 

Context Learning outcomes Teaching approaches 

Aims 
Institutional context  

HE 
FE 
School 
Community 
Informal 

QA process  
Timetable  
Subject  
Pre-requisites Location 
Environment 

Audio-based  
Computer-based 
Field-based  
Lab-based 
Lecture-based 
Seminar-based 
Simulator 
Video  
Work-based 

Learner needs 
Accessibility 
Lang support  
Learner disability        
Culture 
Motivation  

Time 
Difficulty 
Support 
 Learning styles Skills 
Ability to learn  
Commercial awareness 
Computer literacy  
Creativity 
Critical analysis 
Critical reading 
Criticism Data modelling 
Decision making 
E-literacy  
Foreign languages  
Group/team work 
Inference and synthesis of information  
Information handling  
Information literacy 
Interpersonal competence  
IT 
Library  
Listening and comprehension Literacy  
Logical argument 
Making notes Management of change  
Negotiating  
Numeracy 
Oral communication  
Oral presentation Planning and 
organising 
Practical 
Problem solving 

Cognitive 
Knowledge 
Draw  
Finding out/discover  
List  
Pronounce 
Recall 
Recite 
Recognise 
Reproduce  
Select 
Specify 
State 

Comprehension 
Clarify  
Describe reasons Explain 
Identify 
Identify causes of 
Illustrate 
Question 
Understand 

Application 
Apply 
Assemble  
Calculate 
Construct 
Demonstrate 
Hypothesize 
Infer 
Investigate 
Produce 
Select 
Solve 
Translate 
Use 
Write 

Analysis 
Analyse  
Break down 
Compare  
Compare and contrast  
Critique  
Differentiate between  
Distinguish between  
List component parts of 
Predict 
Select 

Synthesis 
Argue  
Design  
Explain the reasons for  
Generalise 
Organise 
Summarise 

Evaluation 
Judge 
Evaluate 
Give arguments 
for/against 

Associative 

Behaviourist  
Didactic  
Elaboration theory  
Instructional system design 

Intelligent tutoring 
systems 

Training needs analysis 

Cognitive 

Active learning  
Constructivist-based 
design  
Cognitive apprenticeship  
Cognitive scaffolding  
Dialogue/ argumentation  
E-moderating framework  
Enquiry-led 

 Experiential learning  
Goal-based scenarios 
Learning cycle  
Project-based  
Reflective practitioner 
Social constructivist 

Situative 

Activity theory 

Activity based 
Action research 
Apprenticeship 
Collaborative learning  
Communities of practice 
Conceptualisation cycle 

Reciprocal teaching  
Systems theory 

 Vicarious learning 
 

 



     

 - 157 - 
 

Table 32. Overall of the DialogPlus Taxonomy (context branch(cont.)) 

Taxonomy of learning activities (cont.) 
Context 

Context Learning outcomes Teaching approaches 

Reading 
Referencing  
Research 
Selecting and prioritising information  
Self management 
Self reflection 
Study skills  
Summary skill 
Time management and organisation  
Synthesis 
Writing style 
Written communication 
 

Criticise 
Feedback 

 Reflect  
Affective 
Appreciate 
Awareness  
Listen 
Responsive 

Aesthetic  
Appreciation 
Commitment 
Ethical awareness Moral awareness 

Psychomotor 
Draw 
Exercise  
Jump  
Make 
Perform 
Play 
Run 
Swim  
Throw 
 

 

Table 33. Overall of the DialogPlus Taxonomy (task branch) 

Taxonomy of learning activities (cont.) 
Task taxonomy 

Type  
(What) 

Technique 
(How) 

Interaction 
(Who) 

Roles 
(Which) 

Tools & 
resources 

Assessment 

Assimilative 
   Listening 
   Reading 
   Viewing     
Information 
Handling 

Analysing  
Classifying 
Gathering  
Manipulating 
Ordering 
Selecting 

Adaptive 
Modelling 
Simulation 

Communicative 
Critiquing  
Debating  
Discussing 
Presenting 

Assimilative 
 Scanning 
 Skim reading 
Information 
Handling 
Brainstorming 
Buzz words  
Concept 
mapping 
Crosswords 
Defining 
Mindmaps 
Web search 

Adaptive 
Modelling  

Communicative 
Articulate 
reasoning 
Arguing 
Coaching 

Who 
Class based 
Group based  
Individual 
One to many  
One to one 

Medium 
Audio  
Face to face 
Online 
Text 
messaging 
Video 

Timing 
Asynchronous 
Synchronous 

 

Coach  
Deliverer  
Group 
leader 
Group 
participant  
Facilitator  
Individual 
learner 
Mentor 
Moderator  
Pair person  
Peer 
assessor  
Presenter  
Rapporteur 
Supervisor 

Hardware 
Computer 
Headphones  
Lab equipment 
PDA  
Projector 
Recorders  
Specialist 
subject 
equipment  
Video 
Webcams 

Software 
Bibliographic 
software  
Database  
Digital image 
manipulation 
software  
Libraries  

Not 
assessed 
Diagnostic 
Formative 
Summative  
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Table 34. Overall of the DialogPlus Taxonomy (task branch (cont.)) 

Taxonomy of learning activities (cont.) 

Task taxonomy 

Type  
(What) 

Technique 
(How) 

Interaction 
(Who) 

Roles 
(Which) 

Tools & 
resources 

Assessment 

Productive 
Composing  
Creating 

   Drawing          
Producing 
Re-mixing 
Synthesising 
Writing 

Experiential 
Applying  
Experiencing 
Exploring 
Investigating 
Mimicking 
Performing  
Practicing 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 

Debate 
Discussion 
Fishbowl 
Ice breaker 
Interview 
Negotiation 
On the spot 
questioning 
Pair dialogues 
Panel discussion 
Peer exchange 
Performance 
Question and 
answer 
Rounds  
Scaffolding  
Short answer 
Snowball  
Socratic 
instruction  
Structured debate 

Productive 
Artefact 
Assignment 
Book report 
Dissertation/thesis 
Drill and practice 
Essay 
Exercise 
Journaling  
Literature review 
MCQ  
Portfolio 
Presentation 
Product 
Puzzles 
Report/paper 
Test 
Voting 

Experiential 
Case study 
Experiment 
Field trip 
Game 
Role play 
Scavenger hunt 
Simulation 

Who 
Class based 
Group based  
Individual 
One to many  
One to one 

Medium 
Audio  
Face to face 
Online 
Text 
messaging 
Video 

Timing 
Asynchronous 
Synchronous 

 

Coach  
Deliverer  
Group 
leader 
Group 
participant  
Facilitator  
Individual 
learner 
Mentor 
Moderator  
Pair person  
Peer 
assessor  
Presenter  
Rapporteur 
Supervisor 

Microsoft 
exchange  
Mind 
mapping 
software  
NVIVO  

 Project   
manager 
Search 
engines 
Spreadsheet 
SPSS 
Text, image, 
audio or 
video  viewer 
Virtual 
worlds Word 
processor 

Models 
Access grid  
Blogs  
CAA tools  
Chat  
Discussion 
boards  
Electronic 
whiteboards 
Email 
Instant 
messaging 
Modelling 
Simulation 
Voice over IP 
Video 
conferencing 
VLEs 
Wikis 

Resources 
 

  



 
 

  

The construction of the learning objectives is part of any teaching-learning-

evaluation unit regardless of its scope and/or granularity, i.e., whether it is a course, a 

module, a lesson, or simply an activity. 

Bloom's taxonomy is a well-known mean for learning objectives characterization. 

This taxonomy aims at to promoting higher forms of thinking in education, for example 

analysing and evaluating concepts, processes, procedures, and principles, rather than just 

remembering facts. Created by Bloom and colleagues (Bloom, Englehart, Furst, Hill, & 

Krathwohl, 1956), it encompasses three domains of learning: the cognitive, the affective and 

the psychomotor domain. However, it is the cognitive area that is the best known and used 

by teachers to define objectives, strategies and evaluation systems. 

Since its appearance in 1956, the evolution of theories and currents in the field of 

learning and education domains provided a rethinking of the original taxonomy emerging 

the first revision of Bloom's taxonomy in 2001. This work was coordinated by David 

Krathwohl, who participated in the creation of the original taxonomy, and specialists from 

various branches of knowledge: psychologists, teachers, curriculum, testing, evaluation, 

among others. The revision was published in a book titled A taxonomy for learning, teaching 

and assessing: a revision of Bloom’s taxonomy for educational objectives (Anderson, et al., 

2001). 

In Bloom's revised taxonomy, three important changes were made, namely: 

• changing the names in the six categories from noun to verb forms (each of 

these categories is divided into subcategories which constitute the actual 

cognitive processes); 

• rearranging them as shown in Figure 37; and 

http://www.nwlink.com/~donclark/hrd/Bloom/knowledge_matrix.html
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• creating a two dimensional organization crossing processes and levels of 

knowledge as shown in Figure 37. 

 

Figure 37. Comparison between the original taxonomy with the revised one 

The Knowledge dimension classifies four types of knowledge that learners may be 

expected to acquire or construct ranging from concrete to abstract. The Knowledge 

dimension's categories aim to responding the distinctions of cognitive psychology that 

developed since the original framework was created. 

 

 

Figure 38. Uni-dimensional (original taxonomy) versus bi-dimensional (revised taxonomy) Bloom taxonomy 

The revised taxonomy is not a cumulative hierarchy, as the original was, as can be 

showed in Figure 38. Instead, the six stages comprise the cognitive process dimension, 

which aims at reflecting students’ cognitive and metacognitive activity, as it happens in the 
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teaching-learning contexts (Pickard, 2007). Table 35 introduces further descriptions in 

respect to Knowledge and Cognitive Process related categories.  

Table 35. Categories description of the Revised Bloom Taxonomy  

The Cognitive Process Dimension 

Remember Understand Apply Analyse Evaluate Create 

Recognizing or 
recalling 
knowledge, facts 
or concepts. (1) 

Constructing 
meaning from 
instructional 
messages.  (2) 

Using ideas and 
concepts to 
solve problems. 
(3) 

Breaking something 
down into 
components, seeing 
relationships and an 
overall structure. (4) 

Making 
judgments 
based on 
criteria and 
standards. (5) 

Reorganize 
diverse 
elements to 
form a new 
pattern or 
structure. (6)     

 

 
Verbs - Examples 

(1) define, describe, identify, know, label, list, match, name, outline, recall, recognize, reproduce, select, state, 
locate 

(2) illustrate, defend, compare, distinguish, estimate, explain, classify, generalize, interpret, paraphrase, 
predict, rewrite, summarize, translate 

(3)  implement, organize, dramatize, solve, construct, demonstrate, discover, manipulate, modify, operate, 
predict, prepare, produce, relate, show, solve, choose 

(4) analyse, break down, compare, select, contrast, deconstruct, discriminate, distinguishes, identify, outline 

(5) rank, assess, monitor, check, test, judge 

(6) generate, plan, compose, develop, create, invent, organize, construct, produce, compile, design, devise 

 
 

The Knowledge Dimension 

Factual Conceptual Procedural Metacognitive 

Basic elements used to communicate, 
understand, organize a subject: 
terminology, scientific terms, labels, 
vocabulary, jargon, symbols or 
representations; and specific details 
such as knowledge of events, people, 
dates, sources of information. 

Knowledge of 
classifications and 
categories, principles, 
theories, models or 
structures of a 
subject. 

Knowing how to 
do something: 
performing skills, 
algorithms, 
techniques or 
methods 

The process or strategy of 
learning and thinking; an 
awareness of one’s own 
cognition, and the ability to 
control, monitor, and 
regulate one’s own cognitive 
process. 

 

In sum, the Revised Bloom' taxonomy main goal is resumed as follows:  

 
"The Revised Bloom’s Taxonomy is a tool to clarify and communicate to 

teachers, students, parents, and school patrons, the intended outcomes resulting from 
instruction. A standard format for learning objectives facilitates communication, and 
identifies the cognitive process and outcomes for instruction. The emphasis is on explicit 
and indisputable statements of intended cognitive outcomes." (Pickard, 2007, p. 53). 

 





 
 

  

 

 

A unit of Project describes the overall data regarding the design of an activity. Two 

branches are highlighted, more specifically, data concerning the project initialization, and 

the specific data regarding the activity itself. Table 36 resumes the UoP data. In addition, 

Table 37 presents complementary descriptions.  

Table 36. List of the main entities of a UoP (Extented Backus-Naur Form notation used) 

<uop> ::= <pidata> <tladata> <eval>  

<pidata> ::= <pname> <pgoal> <pmanager> [<teacher>]* <pdate> 

<tladata> ::= <aa> <stlt> 

<aa> ::= <description> <subject> [<tlo>]+ <tlc> [<rule>]*  

<tlo> ::= <lo>+ | <ao>+ | <so>+     

<lo> ::= <condition> <knowledge> <cognitive>  <degree> <audience> 

<knowledge> ::= “factual” | “conceptual” | “procedural” | “metacognitive” 

<cognitive> ::=<remember>| <understand> | <apply> | <analise> | <evaluate> 

| <create> 

<ao> ::= <internalizingvalues> | <organization> | <receivingphenomena> | 

<respondingtophenomena> | <valuing>   

<so> ::= “accept” | “cooperate”  | “give” | “relate” 

<tlc> ::= <delivery> <interaction> <perception> <resolutionscope> 

<targetaudiance> <feedbackuse> 

<delivery> ::= “facetoface” | “distance” | “blended” 

<interaction> ::= “classbased” | “groupbased” | “onetomany” | “onetoone” 

<perception> ::= <interrelationship> <motivation> <participation> 

<performance> 

<resolutionscope> ::= “openended” | “closeended” 

<interrelationship> ::= <assess> 

<motivation> ::= <assess> 

<participation> ::= <assess> 
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<performace> ::= <assess> 

<targetaudiance> ::= <integer> 

<feedbackuse> ::= <assess> 

<pgoal> ::= <string> 

<pmanager> ::= <string> 

<teacher> ::= <string> 

<pdate> ::= <date>  

<eval> ::= <integer> 

<targetaudiance> := <integer> 

<pname> ::= <string> 

<description> ::= <string> 

<subject> ::= <string> 

<rule> ::= <string> 

<condition> ::= <string> 

<degree> ::= <string> 

<assess> ::= “high” |  “medium” | “low” | “none” 

<remember> ::= “defining” | “describing” | “identifying” | … 

<understand> ::= “explain” | “generalize” | “classify” | … 

<apply> ::= “implementing” | “organising” | “solving” |… 

<analise> ::= “analysing” | “comparing” | “selecting” |… 

<evaluate> ::= “ranking” | “assessing” | “testing” | … 

<create> ::= “generating” | “planning” | “creating” | … 

<internalizingvalues> ::= “listen” | “modify” | “perform” 

<organization> ::= “formulate” | “organize” | “synthesize”  

<receivingphenomena> ::= “ask” | “follow” | “name” 

<respondingtophenomena> ::= “answer” | “discuss” | “help” 

<valuing> ::= “invite” | “share” | “work” 

<stlt> ::= [<tlt>]+ 

<tlt> ::= <name> [<module>]+ 

<module> ::= <name> [<phase>]+  

<phase> ::= <name> [<task>]+ 

<task> ::= <type> <description> <role> [<resource>]* 

<type> ::= <assimilative> | <informationhandling> | <adaptive> | 

<communicative> | <productive> | <experiential>   

<description> ::= <string> 

<role> ::= “student” | “staff”    

<resource> ::= <string> 

<assimilative> ::= “reading” | “viewing” | “listening” 

<informationhandling> ::= “gathering” | “ordering” | “classifying” | … 

<adaptive> ::= “modelling” | “simulation” 

<communicative> ::= “discussing” | “presenting” | “debating” | “critiquing” 

<productive> ::= “creating” | “producing” | “writing” | “drawing” | … 

<experiential> ::= “practicing” | “applying” | “mimicking” | … 
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 Table 37. Meaning of the main entities of an UoP 

Entity Description Information source/notes 

<uop> Unit of Project 

(UoP) 

A unit of project is defined by three high level 

sets of data, namely the project initialization 

data (<pidata>), the teaching-learning activity 

data (<tladata>) and Evaluation (<eval>) item. 

 

<pidata> Project 

Inicialization Data  

It consists of the overall data about a project 

which includes a name (<pname>), a project goal 

(<pgoal>), a project manager (<pmanager>), and 

a project date (<pdate>).  

 

<tladata> Teaching-

Learning Activity Data  

A teaching-learning activity is defined by both 

activity analytics (<aa>) and a sequence of at 

least one teaching-learning technique (<stlt>). 

 

<eval> It corresponds to the average  value of the rates 

given by each teacher in the project.  

Natural number. 

<pname> It is the name of the project. An array of chars (string) 

<pgoal> It describes the main goal of the project. An array of chars (string) 

<pmanager> It is the name of the project manager (i.e., a 

teacher name). 

An array of chars (string) 

<pdate> It is the launch date of the project. Three natural numbers. 

<aa> Activity Analytics  It is defined by a subset of entities, namely a 

description (<description>), a subject matter 

(<subject>), at least one teaching-learning 

objectives (<tlo>), a teaching-learning context 

(<tlc>), and applied rules, if any. 

Description, subject and rules are 

of string type. 

<tlo> Teaching-Learning 

Objective 

A teaching-learning objective is either a  learning 

objective (<lo>) or an affective objective (<ao>) 

or a social objective (<so>).  

Both learning and affective 

objectives are based in the 

Revised Bloom’s Taxonomy  

(RBT). The social objectives are 

synthetized by the authors based 

on the literature. 

<lo> Learning Objective As defined by the RBT, each learning objective is 

anchored to two dimensions, namely, knowledge 

level (<knowledge>) and cognitive level 

(<cognitive>). In addition, it could be attached 

other components, namely, needed conditions, 

degree level and the target audience.  

Learning objectives formulation 

is  described in section 2.3.4. 

<knowledge> Knowledge 

level 

As defined by the RBT, the knowledge level can 

belong to one of the following final categories: 

factual, conceptual, procedural and 

metacognitive. 

 

<cognitive> Cognitive 

level 

As defined by the RBT, the cognitive level is 

divided into six categories.  

The six categories are Remember 

(<remember>), Understand 

(<understand>), Apply (<apply>), 

Analise (<analise>), evaluate 
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(<evaluate>) and Create 

(<create>). Each category has its 

own subcategories. 

<ao> Affective Objective As defined by Bloom’ taxonomy, the affective 

objective is divided into five categories. 

The five categories are 

Internalizing Values 

(<internalizingvalues>), 

Organization (<organization>), 

Receiving Phenomena 

(<receivingphenomena>), 

Responding to Phenomena 

(<respondingtophenomena>) and 

Valuing (<valuing>). Each 

category has its own 

subcategories.  

<so> Social Objective This entity aims at measuring specific features 

for social goals. 

Four categories are provided, 

namely Accept (<accept>), 

Cooperate (<cooperate>), Give 

(<give>) and Relate (<relate>). 

<tlc> Teaching-learning 

Context 

The teaching-learning context of a TLA comprises 

the following entities: delivery mode 

(<delivery>), interaction type (<interaction>), 

educator’s perception (<perception>), resolution 

scope (<resolutionscope>), target audience 

(<targetaudiance>), and feedback use 

(<feedbackuse>).  

The target audience is a natural 

number. 

<delivery> Delivery 

mode 

It defines the delivery mode of a TLA. Three categories have been 

adressed: face to face 

(<facetoface>), at distance 

(<distance>) and blended mode 

(<blended>). 

<interaction> Interaction 

type 

It defines the interaction type among all the 

participants in performing a TLA. 

Four categories have been 

adressed: class based 

(<classbased>), group based 

(<groupbased>), one to many 

(<onetomany>) and one to one 

(<onetoone>). 

<perception> educators’ 

Perception 

This entity is related to the educators’ 

perception about the learner(s)/class who will 

carry out a TLA. It comprises 4 categories, 

namely relationship type among the learners 

(<interrelationship>), the motivational level 

(<motivation>), the level of participation 

(<participation>), and the performance level 

(<performance>).   

Those 4 categories are of 

(<assess>) type. 

<resolutionscope> 

Resolution Scope 

It defines the resolution scope of the TLA. Two categories have been 

adressed: open ended  

(<openended>) and close ended 

(<closeended>). 
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<feedbackuse> Feedback 

use 

This entity aims at measuring the need of 

feedback to the student(s).  

The measurement item belongs 

to one of the assess (<assess>) 

levels. 

<stlt> Sequence of 

Teaching-Learning 

techniques  

At least one TLT (<tlt>) is part of a TLA   

<tlt> Teaching-Learning 

Technique  

A TLT is characterized by a name (<name>) and 

one module (<module>)) at least (further 

detailed in…). The module functions as a scaffold 

of a TLA through whish tasks (<task>) are filled 

in. 

 

<module> Module A module is divided into a sequence of phases, at 

least one phase (<phase>).  

The module entity is based on the 

IMS LD specification (see section 

2.4.3). 

<phase> Phase A phase is divided into a list of tasks (<task>) to 

be carried out by participants (student/staff). 

The phase entity is based on the  

in IMS LD specification (see 

section 2.4.3). 

<task> Task A task is a fine grained action to be carried out 

either by students or teachers (for example, 

“calculate the derivative of a function”). It is 

characterized by a type (<type>), a description 

(<description>), a role (<role>) and resources 

(<resource>), if any. 

Description and resource entities 

are string type. 

<type> Type of the task A task type can belong to one of the following 

categories: assimilative (<assimilative>), 

information handling (<informationhandling>), 

adaptive (<adaptive>), communicative 

(<communicative>), productive (<productive>) 

and experiential (<experiential>). 

It is based on the DialogPlus 

taxonomy (see Appendix A). 

<role> participant Role This entity classifies who is responsible for the 

execution of a task of a TLA. 

Roles can be of type Student 

(<student>) and Staff (<staff>). 

Subclasses of them will be also 

possible. 

<assimilative> 

Assimilative task type 

It consists of one of the 6 categories of tasks in 

DialogPlus taxonomy. 

The possible subcategories are 

Reading (<reading>), Viewing 

(<viewing>) among others. 

<informationhandling> It consists of one of the 6 categories of tasks in 

DialogPlus taxonomy. 

The possible subcategories are 

Gathering (<gathering>), 

Ordering (<ordering>) among 

others. 

<adaptive> It consists of one of the 6 categories of tasks in 

DialogPlus taxonomy. 

The possible subcategories are 

Modelling (<modelling>) and 

Simulation (<simulation>). 
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<communicative> It consists of one of the 6 categories of tasks in 

DialogPlus taxonomy. 

The possible subcategories are 

Discussing (<discussing>), 

Debating (<debating>) among 

others. 

<productive> It consists of one of the 6 categories of tasks in 

DialogPlus taxonomy. 

The possible subcategories are 

Creating (<creating>), Writing 

(<writing>) among others. 

<experiential> It consists of one of the 6 categories of tasks in 

DialogPlus taxonomy. 

The possible subcategories are 

Practcing (<practicing>), 

Applying (<applying>) among 

others. 

<name>, <description>, 

<goal>, <pmanager>, 

<subject>, <rule>, 

<condition>, <degree>, 

<resource> 

All these entities consist of arrays of chars 

(strings). 

 

<eval>, <targetaudiance> It is a natural number.   

<pdate> It consists of an entity that keeps the year, the 

month and the day of the launched date project. 

 

<assess> It comprises 4 levels of assessment: high, 

medium, low and none. 

 

As regards a technique, Table 38 presents its characterization based on an extensive 

review of the referenced literature and subsequent adaption to the recommender system 

proposal.  

Table 38. Technique description (Extented Backus-Naur Form notation used) 

<tlt> ::= <initdata> <tltdata>   

<initdata> ::= <name> <description> [<rule>]* 

<tltdata> ::= <context> <structure> 

<context> ::= [<tlo>]+ <tlc>  

<tlo> ::= <lo>+ | <ao>+ | <so>+     

<lo> ::= <condition> <knowledge> <cognitive>  <degree> <audience> 

<knowledge> ::= “factual” | “conceptual” | “procedural” | “metacognitive” 

<cognitive> ::=<remember>| <understand> | <apply> | <analise> | <evaluate> 

| <create> 

<ao> ::= <internalizingvalues> | <organization> | <receivingphenomena> | 

<respondingtophenomena> | <valuing>   

<so> ::= “accept” | “cooperate”  | “give” | “relate” 

<tlc> ::= <delivery>+ <interaction>+ <perception>+ <resolutionscope>+ 

<targetaudiance>+ <feedbackuse>+ 

<delivery> ::= “facetoface” | “distance” | “blended” 

<interaction> ::= “classbased” | “groupbased” | “onetomany” | “onetoone” 
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<perception> ::= <interrelationship> <motivation> <participation> 

<performance> 

<resolutionscope> ::= “openended” | “closeended” 

<interrelationship> ::= <assess> 

<motivation> ::= <assess> 

<participation> ::= <assess> 

<performace> ::= <assess> 

<targetaudiance> ::= <integer> 

<feedbackuse> ::= <assess> 

<pgoal> ::= <string> 

<pmanager> ::= <string> 

<pdate> ::= <date>  

<eval> ::= <integer> 

<targetaudiance> := <integer> 

<name> ::= <string> 

<description> ::= <string> 

<rule> ::= <string> 

<condition> ::= <string> 

<degree> ::= <string> 

<assess> ::= “high” |  “medium” | “low” | “none” 

<remember> ::= “defining” | “describing” | “identifying” | … 

<understand> ::= “explain” | “generalize” | “classify” | … 

<apply> ::= “implementing” | “organising” | “solving” |… 

<analise> ::= “analysing” | “comparing” | “selecting” |… 

<evaluate> ::= “ranking” | “assessing” | “testing” | … 

<create> ::= “generating” | “planning” | “creating” | … 

<internalizingvalues> ::= “listen” | “modify” | “perform” 

<organization> ::= “formulate” | “organize” | “synthesize”  

<receivingphenomena> ::= “ask” | “follow” | “name” 

<respondingtophenomena> ::= “answer” | “discuss” | “help” 

<valuing> ::= “invite” | “share” | “work” 

<structure> ::= [<module>]+ 

<module> ::= <name> [<phase>]+  

<phase> ::= <name> [<task>]+ 

<task> ::= <type> <description> <role> [<resource>]* 

<type> ::= <assimilative> | <informationhandling> | <adaptive> | 

<communicative> | <productive> | <experiential>   

<description> ::= <string> 

<role> ::= “student” | “staff”    

<resource> ::= <string> 

<assimilative> ::= “reading” | “viewing” | “listening” 

<informationhandling> ::= “gathering” | “ordering” | “classifying” | … 

<adaptive> ::= “modelling” | “simulation” 

<communicative> ::= “discussing” | “presenting” | “debating” | “critiquing” 
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<productive> ::= “creating” | “producing” | “writing” | “drawing” | … 

<experiential> ::= “practicing” | “applying” | “mimicking” | … 

 



 
 

  

This appendix presents an extract of OTILIA ontology using OWL representation 

format. 

<?xml version="1.0"?> 

 

<!DOCTYPE Ontology [ 

    <!ENTITY xsd "http://www.w3.org/2001/XMLSchema#" > 

    <!ENTITY xml "http://www.w3.org/XML/1998/namespace" > 

    <!ENTITY rdfs "http://www.w3.org/2000/01/rdf-schema#" > 

    <!ENTITY rdf "http://www.w3.org/1999/02/22-rdf-syntax-ns#" > 

]> 

 

<Ontology xmlns="http://www.w3.org/2002/07/owl#" 

     xml:base="http://www.semanticweb.org/ontologies/2014/4/untitled-ontology-12" 

     xmlns:rdfs="http://www.w3.org/2000/01/rdf-schema#" 

     xmlns:xsd="http://www.w3.org/2001/XMLSchema#" 

     xmlns:rdf="http://www.w3.org/1999/02/22-rdf-syntax-ns#" 

     xmlns:xml="http://www.w3.org/XML/1998/namespace" 

     ontologyIRI="http://www.semanticweb.org/ontologies/2014/4/untitled-ontology-12"> 

    <Prefix name="" IRI="http://www.w3.org/2002/07/owl#"/> 

    <Prefix name="owl" IRI="http://www.w3.org/2002/07/owl#"/> 

    <Prefix name="rdf" IRI="http://www.w3.org/1999/02/22-rdf-syntax-ns#"/> 

    <Prefix name="xsd" IRI="http://www.w3.org/2001/XMLSchema#"/> 

    <Prefix name="rdfs" IRI="http://www.w3.org/2000/01/rdf-schema#"/> 

    <Prefix name="untitled-ontology-12" 

IRI="http://www.semanticweb.org/ontologies/2014/4/untitled-ontology-12#"/> 

    <Declaration> 

        <Class IRI="#Adaptive"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Affective"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Analyze"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Apply"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Assess"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Assimilative"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Blended"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Brainstorming"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Brainstorming1"/> 

    </Declaration> 

    <Declaration> 
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        <Class IRI="#Brainstorming2"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Brainstorming2.1"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#ClassBased"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#CloseEnded"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Communicative"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Create"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Debating"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Debating1"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Debating2"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Delivery"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Distance"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#DomainConcept"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Evaluate"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Experiential"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#FaceToFace"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#FeedbackUse"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#GroupBased"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#High"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#InformationHandling"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#InterRelation"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Interaction"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#InternalizingValues"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Learning"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Low"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Medium"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Module"/> 
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    </Declaration> 

    <Declaration> 

        <Class IRI="#Motivation"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Objective"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#OneToMany"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#OneToOne"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#OpenEnded"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Organization"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Participation"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Perception"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Performance"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Phase"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Productive"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#ReceivingPhenomena"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Remember"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#ResolutionScope"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Resource"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#RespondingToPhenomena"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Role"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Social"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#TargetAudiance"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Task"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#TaskType"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Technique"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#TechniqueAnalytics"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#TechniqueStructure"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Understand"/> 

    </Declaration> 

    <Declaration> 
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        <Class IRI="#Unknown"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#ValuePartition"/> 

    </Declaration> 

    <Declaration> 

        <Class IRI="#Valuing"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasAssess"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasDelivery"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasFeedbackUse"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasInterRelation"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasInteraction"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasModule"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasMotivation"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasParticipation"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasPerception"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasPerformance"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasPhase"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasResolutionScope"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasTargetAudiance"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasTask"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasTaskType"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasTechnique"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#hasTechniqueAnalytics"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#helpsInAffectiveObj"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#helpsInLearningObj"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#helpsInObjective"/> 

    </Declaration> 

    <Declaration> 

        <ObjectProperty IRI="#helpsInSocialObj"/> 

    </Declaration> 

    <Declaration> 

        <DataProperty IRI="#hasAgeValue"/> 

    </Declaration> 

    <Declaration> 

        <DataProperty IRI="#hasDeliveryWeightValue"/> 



     

 - 175 - 
 

    </Declaration> 

    <Declaration> 

        <DataProperty IRI="#hasFeedbackUseWeightValue"/> 

    </Declaration> 

    <Declaration> 

        <DataProperty IRI="#hasInteractionWeightValue"/> 

    </Declaration> 

    <Declaration> 

        <DataProperty IRI="#hasModuleQt"/> 

    </Declaration> 

    <Declaration> 

        <DataProperty IRI="#hasObjectivesWeightValue"/> 

    </Declaration> 

    ... 

    <Declaration> 

        <NamedIndividual IRI="#ORGANIZES"/> 

    </Declaration> 

    <Declaration> 

        <NamedIndividual IRI="#PERFORMINGTASK"/> 

    </Declaration> 

    ... 

    <Declaration> 

        <NamedIndividual IRI="#SUMMARIZING"/> 

    </Declaration> 

    <Declaration> 

        <NamedIndividual IRI="#SYNTHESIZES"/> 

    </Declaration> 

    ... 

    <EquivalentClasses> 

        <Class IRI="#Adaptive"/> 

        <ObjectOneOf> 

            <NamedIndividual IRI="#SIMULATIONTASK"/> 

            <NamedIndividual IRI="#MODELLINGTASK"/> 

        </ObjectOneOf> 

    </EquivalentClasses> 

    <EquivalentClasses> 

        <Class IRI="#Analyze"/> 

        <ObjectOneOf> 

            <NamedIndividual IRI="#DISCRIMINATING"/> 

            <NamedIndividual IRI="#STRUCTURING"/> 

            <NamedIndividual IRI="#DISTINGUISHING"/> 

            <NamedIndividual IRI="#ANALYZING"/> 

            <NamedIndividual IRI="#SELECTING"/> 

        </ObjectOneOf> 

    </EquivalentClasses> 

    ... 

    <EquivalentClasses> 

        <Class IRI="#Phase"/> 

        <ObjectIntersectionOf> 

            <Class IRI="#TechniqueStructure"/> 

            <ObjectMinCardinality cardinality="2"> 

                <ObjectProperty IRI="#hasTask"/> 

                <Class IRI="#Task"/> 

            </ObjectMinCardinality> 

        </ObjectIntersectionOf> 

    </EquivalentClasses> 

    <EquivalentClasses> 

        <Class IRI="#Productive"/> 

        <ObjectOneOf> 

            <NamedIndividual IRI="#SYNTHESIZINGTASK"/> 

            <NamedIndividual IRI="#WRITINGTASK"/> 

            <NamedIndividual IRI="#COMPOSINGTASK"/> 

            <NamedIndividual IRI="#CREATINGTASK"/> 

            <NamedIndividual IRI="#PRODUCINGTASK"/> 

            <NamedIndividual IRI="#DRAWINGTASK"/> 

            <NamedIndividual IRI="#REMIXINGTASK"/> 

        </ObjectOneOf> 

    </EquivalentClasses> 

    <EquivalentClasses> 

        <Class IRI="#ReceivingPhenomena"/> 

        <ObjectOneOf> 

            <NamedIndividual IRI="#FOLLOWS"/> 

            <NamedIndividual IRI="#ASKS"/> 

            <NamedIndividual IRI="#NAMES"/> 

        </ObjectOneOf> 

    </EquivalentClasses> 

    ... 
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    <SubClassOf> 

        <Class IRI="#Brainstorming1"/> 

        <Class IRI="#Brainstorming"/> 

    </SubClassOf> 

    <SubClassOf> 

        <Class IRI="#Brainstorming1"/> 

        <ObjectSomeValuesFrom> 

            <ObjectProperty IRI="#hasDelivery"/> 

            <ObjectUnionOf> 

                <Class IRI="#Distance"/> 

                <Class IRI="#FaceToFace"/> 

            </ObjectUnionOf> 

        </ObjectSomeValuesFrom> 

    </SubClassOf> 

    ... 

    <SubClassOf> 

        <Class IRI="#Brainstorming1"/> 

        <DataSomeValuesFrom> 

            <DataProperty IRI="#hasAgeValue"/> 

            <DatatypeRestriction> 

                <Datatype abbreviatedIRI="xsd:integer"/> 

                <FacetRestriction facet="&xsd;minInclusive"> 

                    <Literal datatypeIRI="&xsd;integer">12</Literal> 

                </FacetRestriction> 

            </DatatypeRestriction> 

        </DataSomeValuesFrom> 

    </SubClassOf> 

    <SubClassOf> 

        <Class IRI="#Brainstorming1"/> 

        <DataSomeValuesFrom> 

            <DataProperty IRI="#hasDeliveryWeightValue"/> 

            <DatatypeRestriction> 

                <Datatype abbreviatedIRI="xsd:integer"/> 

                <FacetRestriction facet="&xsd;minExclusive"> 

                    <Literal datatypeIRI="&xsd;integer">0</Literal> 

                </FacetRestriction> 

            </DatatypeRestriction> 

        </DataSomeValuesFrom> 

    </SubClassOf> 

    <SubClassOf> 

        <Class IRI="#Brainstorming1"/> 

        <DataSomeValuesFrom> 

            <DataProperty IRI="#hasFeedbackUseWeightValue"/> 

            <DatatypeRestriction> 

                <Datatype abbreviatedIRI="xsd:integer"/> 

                <FacetRestriction facet="&xsd;minExclusive"> 

                    <Literal datatypeIRI="&xsd;integer">0</Literal> 

                </FacetRestriction> 

            </DatatypeRestriction> 

        </DataSomeValuesFrom> 

    </SubClassOf> 

    ...    

    <DisjointClasses> 

        <Class IRI="#Affective"/> 

        <Class IRI="#Learning"/> 

    </DisjointClasses> 

    <DisjointClasses> 

        <Class IRI="#Blended"/> 

        <Class IRI="#Distance"/> 

        <Class IRI="#FaceToFace"/> 

    </DisjointClasses> 

    <DisjointClasses> 

        <Class IRI="#Brainstorming1"/> 

        <Class IRI="#Brainstorming2"/> 

    </DisjointClasses> 

    <DisjointClasses> 

        <Class IRI="#ClassBased"/> 

        <Class IRI="#GroupBased"/> 

        <Class IRI="#OneToMany"/> 

        <Class IRI="#OneToOne"/> 

    </DisjointClasses> 

    <DisjointClasses> 

        <Class IRI="#CloseEnded"/> 

        <Class IRI="#OpenEnded"/> 

    </DisjointClasses> 

    <DisjointClasses> 
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        <Class IRI="#Debating1"/> 

        <Class IRI="#Debating2"/> 

    </DisjointClasses> 

    <DisjointClasses> 

        <Class IRI="#Distance"/> 

        <Class IRI="#FaceToFace"/> 

    </DisjointClasses> 

    <DisjointClasses> 

        <Class IRI="#DomainConcept"/> 

        <Class IRI="#ValuePartition"/> 

    </DisjointClasses> 

    <DisjointClasses> 

        <Class IRI="#High"/> 

        <Class IRI="#Low"/> 

        <Class IRI="#Medium"/> 

        <Class IRI="#Unknown"/> 

    </DisjointClasses> 

    <DisjointClasses> 

        <Class IRI="#InterRelation"/> 

        <Class IRI="#Motivation"/> 

        <Class IRI="#Participation"/> 

        <Class IRI="#Performance"/> 

    </DisjointClasses> 

    ... 

    <DisjointClasses> 

        <Class IRI="#Technique"/> 

        <Class IRI="#TechniqueAnalytics"/> 

        <Class IRI="#TechniqueStructure"/> 

    </DisjointClasses> 

    <ClassAssertion> 

        <Class IRI="#Social"/> 

        <NamedIndividual IRI="#ACCEPTS"/> 

    </ClassAssertion> 

    <ClassAssertion> 

        <Class IRI="#Analyze"/> 

        <NamedIndividual IRI="#ANALYZING"/> 

    </ClassAssertion> 

    <ClassAssertion> 

        <Class IRI="#InformationHandling"/> 

        <NamedIndividual IRI="#ANALYZINGTASK"/> 

    </ClassAssertion> 

    <ClassAssertion> 

        <Class IRI="#RespondingToPhenomena"/> 

        <NamedIndividual IRI="#ANSWERS"/> 

    </ClassAssertion> 

    <ClassAssertion> 

        <Class IRI="#Experiential"/> 

        <NamedIndividual IRI="#APPLYINGTASK"/> 

    </ClassAssertion> 

    <ClassAssertion> 

        <Class IRI="#ReceivingPhenomena"/> 

        <NamedIndividual IRI="#ASKS"/> 

    </ClassAssertion> 

    <ClassAssertion> 

        <Class IRI="#Evaluate"/> 

        <NamedIndividual IRI="#ASSESSING"/> 

    </ClassAssertion> 

    <ClassAssertion> 

        <Class IRI="#Brainstorming1"/> 

        <NamedIndividual IRI="#BR1_1"/> 

    </ClassAssertion> 

    ... 

    <ObjectPropertyAssertion> 

        <ObjectProperty IRI="#hasDelivery"/> 

        <NamedIndividual IRI="#BR1_1"/> 

        <NamedIndividual IRI="#DL_DT1"/> 

    </ObjectPropertyAssertion> 

    <ObjectPropertyAssertion> 

        <ObjectProperty IRI="#hasInteraction"/> 

        <NamedIndividual IRI="#BR1_1"/> 

        <NamedIndividual IRI="#IN_CB1"/> 

    </ObjectPropertyAssertion> 

    <ObjectPropertyAssertion> 

        <ObjectProperty IRI="#helpsInLearningObj"/> 

        <NamedIndividual IRI="#BR1_1"/> 

        <NamedIndividual IRI="#CREATING"/> 

    </ObjectPropertyAssertion> 
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    <ObjectPropertyAssertion> 

        <ObjectProperty IRI="#helpsInLearningObj"/> 

        <NamedIndividual IRI="#BR1_1"/> 

        <NamedIndividual IRI="#DISCRIMINATING"/> 

    </ObjectPropertyAssertion> 

    <ObjectPropertyAssertion> 

        <ObjectProperty IRI="#helpsInLearningObj"/> 

        <NamedIndividual IRI="#BR1_1"/> 

        <NamedIndividual IRI="#ANALYZING"/> 

    </ObjectPropertyAssertion> 

    <ObjectPropertyAssertion> 

        <ObjectProperty IRI="#hasDelivery"/> 

        <NamedIndividual IRI="#BR1_2"/> 

        <NamedIndividual IRI="#DL_FF_1"/> 

    </ObjectPropertyAssertion> 

    <ObjectPropertyAssertion> 

        <ObjectProperty IRI="#hasInteraction"/> 

        <NamedIndividual IRI="#BR1_2"/> 

        <NamedIndividual IRI="#IN_GB1"/> 

    </ObjectPropertyAssertion> 

    <ObjectPropertyAssertion> 

        <ObjectProperty IRI="#helpsInLearningObj"/> 

        <NamedIndividual IRI="#BR1_2"/> 

        <NamedIndividual IRI="#CREATING"/> 

    </ObjectPropertyAssertion> 

   ... 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasDelivery"/> 

        <Class IRI="#Delivery"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasFeedbackUse"/> 

        <Class IRI="#Assess"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasInterRelation"/> 

        <ObjectSomeValuesFrom> 

            <ObjectProperty IRI="#hasAssess"/> 

            <Class IRI="#Assess"/> 

        </ObjectSomeValuesFrom> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasInteraction"/> 

        <Class IRI="#Interaction"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasModule"/> 

        <Class IRI="#Module"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasPerception"/> 

        <Class IRI="#Perception"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasPhase"/> 

        <Class IRI="#Phase"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasResolutionScope"/> 

        <Class IRI="#ResolutionScope"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasTargetAudiance"/> 

        <Class IRI="#TargetAudiance"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasTask"/> 

        <Class IRI="#Task"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasTaskType"/> 

        <ObjectSomeValuesFrom> 

            <ObjectProperty IRI="#hasTaskType"/> 

            <Class IRI="#TaskType"/> 

        </ObjectSomeValuesFrom> 

    </ObjectPropertyRange> 
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    <ObjectPropertyRange> 

        <ObjectProperty IRI="#hasTechniqueAnalytics"/> 

        <Class IRI="#TechniqueAnalytics"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#helpsInAffectiveObj"/> 

        <Class IRI="#Affective"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#helpsInLearningObj"/> 

        <Class IRI="#Learning"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#helpsInObjective"/> 

        <Class IRI="#Objective"/> 

    </ObjectPropertyRange> 

    <ObjectPropertyRange> 

        <ObjectProperty IRI="#helpsInSocialObj"/> 

        <Class IRI="#Social"/> 

    </ObjectPropertyRange> 

    <SubDataPropertyOf> 

        <DataProperty IRI="#hasDeliveryWeightValue"/> 

        <DataProperty IRI="#hasWeightValue"/> 

    </SubDataPropertyOf> 

    <SubDataPropertyOf> 

        <DataProperty IRI="#hasFeedbackUseWeightValue"/> 

        <DataProperty IRI="#hasWeightValue"/> 

    </SubDataPropertyOf> 

    <SubDataPropertyOf> 

        <DataProperty IRI="#hasInteractionWeightValue"/> 

        <DataProperty IRI="#hasWeightValue"/> 

    </SubDataPropertyOf> 

    <SubDataPropertyOf> 

        <DataProperty IRI="#hasObjectivesWeightValue"/> 

        <DataProperty IRI="#hasWeightValue"/> 

    </SubDataPropertyOf> 

    <SubDataPropertyOf> 

        <DataProperty IRI="#hasPerceptionWeightValue"/> 

        <DataProperty IRI="#hasWeightValue"/> 

    </SubDataPropertyOf> 

    <SubDataPropertyOf> 

        <DataProperty IRI="#hasResolutionScopeWeightValue"/> 

        <DataProperty IRI="#hasWeightValue"/> 

    </SubDataPropertyOf> 

    <SubDataPropertyOf> 

        <DataProperty IRI="#hasTargetAudianceValue"/> 

        <DataProperty IRI="#hasWeightValue"/> 

    </SubDataPropertyOf> 

    <FunctionalDataProperty> 

        <DataProperty IRI="#hasAgeValue"/> 

    </FunctionalDataProperty> 

    <DataPropertyDomain> 

        <DataProperty IRI="#hasResource"/> 

        <Class IRI="#Task"/> 

    </DataPropertyDomain> 

    <DataPropertyDomain> 

        <DataProperty IRI="#hasRole"/> 

        <Class IRI="#Task"/> 

    </DataPropertyDomain> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasAgeValue"/> 

        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasDeliveryWeightValue"/> 

        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasFeedbackUseWeightValue"/> 

        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasInteractionWeightValue"/> 

        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasModuleQt"/> 
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        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasObjectivesWeightValue"/> 

        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasPerceptionWeightValue"/> 

        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasPhaseQt"/> 

        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasResolutionScopeWeightValue"/> 

        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasResource"/> 

        <Datatype abbreviatedIRI="xsd:string"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasRole"/> 

        <Datatype abbreviatedIRI="xsd:string"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasTargetAudianceValue"/> 

        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasTaskQt"/> 

        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <DataPropertyRange> 

        <DataProperty IRI="#hasWeightValue"/> 

        <Datatype abbreviatedIRI="xsd:integer"/> 

    </DataPropertyRange> 

    <AnnotationAssertion> 

        <AnnotationProperty abbreviatedIRI="rdfs:comment"/> 

        <AbbreviatedIRI>owl:Thing</AbbreviatedIRI> 

        <Literal datatypeIRI="&rdf;PlainLiteral">&quot;OTILIA - An ontology of teaching-

learning techniques&quot;</Literal> 

    </AnnotationAssertion> 

</Ontology> 

<!-- Generated by the OWL API (version 3.4.2) http://owlapi.sourceforge.net --> 

 

 

 

 

 



 
 

  

This appendix shows the questionnaire which was created for the purpose of the 

recommender system evaluation. 

 

QUESTIONNAIRE 

 

This questionnaire is realized in the scope of a doctoral thesis and it aims at evaluating a model for teaching-

learning techniques (TLTs) recommendation to support teachers in teaching-learning activities (TLAs) 

design. 

 

1 – Identification 

 

Name (optional): _________________________________________________ Sex:  F         M 

Email (optional): _________________________________________________ 
 

 
 

2 – Professional experience 

 

Current school/college : ______________________________________________  

                                      _______________________________________________  
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Grade levels: Years of teaching experience: 

 Basic education  
 

 

 Secondary education 
 

 

 Higher education 
 

 

  
 

 

Subject-matter disciplines:  

 Portuguese  
 

Natural Sciences  

 Foreign language 
 

Physics and Chemistry 

 Mathematics 
 

Philosophy 

 History 
 

Visual Arts 

 Law 
 

Technological education 

 Economics 
 

Music education 

 Descriptive geometry 
 

______________________ 

 Biology 
 

______________________ 

 Geology 
 

______________________ 

 Geography 
 

______________________ 

  
 

 

3 – Teaching-learning activities design 

A teaching-learning technique defines a sequence of tasks to support a teaching-learning activity to be 

carried out by learners. There is a large diversity of teaching-learning techniques. The list below shows 

diverse examples of TLTs. 

Examples of teaching-learning techniques 
 

Brainstorming  Question and answer 

Concept mapping  Socratic instruction 

Debate  Drill and practice 

Panel discussion  Essay 

Case study  Role play 

Simulation  Jigsaw 

Performance  Short answer 
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A) How relevant is your previous practical experience in the design of TLAs? 

 

  Practical experience 

Extremely relevant  
Moderately relevant   
Slightly relevant  
Neither relevant nor  irrelevant   
Slightly irrelevant  
Moderately irrelevant  
Extremely irrelevant  

 
If you have any suggestions/comments, please write them below: 

 
 
 
 
 
 
 

 

B) Teaching is a very demanding and time-consuming activity, leaving little time for teachers to update 

themselves on current pedagogical achievements. How much do you agree with the previous statement: 

 

 Statement 

Strongly agree  
Agree   
Neutral  
Disagree  
Strongly disagree  

 
 
If you have any suggestions/comments, please write them below: 

 
 
 
 
 
 
 

 

C) The design of teaching-learning activities involves the definition of diverse aspects such as subject 

matter, learning objectives, target population, difficulty level and duration. How often do you take them into 

account in TLAs design? 

 

  TLT 

Never  
Rarely   
Sometimes  
Usually  
Often  
Always  
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If you have any suggestions/comments, please write them below: 

 
 
 
 
 
 
 

 
 

D) A recommender system can be described as "any system that produces individualized recommendations as 

output or has the effect of guiding the user in a personalized way to interesting or useful objects in a large space 

of possible options" (Burke, 2002, p. 331). 

Following the above statement, how do you see the necessity of a recommender system for TLTs to support 

teachers in TLAs design? 

 

  Recommender system 

Extremely necessary  
Moderately necessary   
Slightly necessary  
Neither necessary  nor unnecessary  
Slightly unnecessary  
Moderately unnecessary   
Extremely unnecessary  

 
 
If you have any suggestions/comments, please write them below: 

 
 
 
 
 
 
 

 
 
E) How would you rate the developed recommender system regarding the following aspects: 
  

 Very 
satisfied 

Somewhat 
satisfied 

Neither 
satisfied nor 
dissatisfied 

Somewhat 
dissatisfied 

Very 
dissatisfied 

Easy for completing the 
overall steps 

     

      
Easy for memorizing the 
overall steps 

     

      
Easy for recovering from 
user's mistakes 

     

      
Satisfaction with the 
interface design 

     

      
Features/functionalities 
provided  
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If you have any suggestions/comments, please write them below: 

 
 
 
 
 
 
 

 

F) The use of an automatic mechanism for teaching-learning techniques recommendation to assist teachers 

in teaching-learning activities design, will motivate teachers to diversify and to adapt new and different 

teaching-learning activities. How much do you agree with the previous statement? 

 

 Statement 

Strongly agree  
Agree   
Neutral  
Disagree  
Strongly disagree  

 
 
If you have any suggestions/comments, please write them below: 

 
 
 
 
 
 
 

 
 
G) Would you recommend the recommender system proposal for education settings? 

 
  Recommended 

Extremely    
Very   
Moderate   
Slightly   
Not at all   

 
 
If you have any suggestions/comments, please write them below: 

 
 
 
 
 
 
 

 
 

Thank you for your collaboration in this research work. 





 
 

  

This appendix presents a set of six of teaching-leaning techniques instantiations used 

for the purpose of the evaluation process. Relevant data was gathered and adapted from the 

specialized literature as well as from the Recourse Tool (Recourse, 2010) which provides 

diverse examples of techniques. 

 
I - Brainstorming 
 

The Brainstorming technique fosters the learners to generate new ideas 

spontaneously in a group effort in order to solve a specific problem creatively. 

The activity flow can be divided into four main phases:  

Define Problem 
Phase 

Process description 

 A topic should be defined. 
  
Set up 
Brainstorming 
Phase 

 

 A time limit for the brainstorming should be announced (the 
recommendation is around 25 minutes, but larger groups may need more 
time to get everyone's ideas out). 

 The brainstorming session should be started. 
  
Contribute 
Solutions Phase 

 

 The learners' contributions to the problem should be loudly said to the entire 
group. No matter how daft, how impossible or how silly an idea is, it must be 
written down. Criticizing of ideas should be discouraged. 

 The discussion should be ended when the time limit is reached. 
  
Generate and 
record criteria 
and scores 

 

 It should be generate about five criteria for judging which ideas best solve 
the problem. Criteria should start with the word "should", for example, "it 
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should be cost effective", "it should be legal", "it should be possible to finish 
before July 15", etc. 

 For each proposed solution it should be score of 0 to 5 points depending on 
how well it meets each criterion that was generated. 

 The scores should be added up. The idea with the highest score may best 
solve the problem. 

  
 

 

II - Jigsaw 

Jigsaw is a cooperative learning technique, which organizes a complex learning flow 

for a context in which several small groups are facing the study of a lot of information for 

the resolution of the same problem. 

The activity flow can be divided into three main phases:  

Individual Phase Process description 
 Learners should be divided into groups evenly.  
 The topic is divided into as many subtopics as the members of each  group. 
 Learners should be informed of the necessary details, for example, topic, 

subtopics, activity objectives, and resources. 
  
Expert Phase  
 It should be formed expert groups, one for each subtopic. 
 Teacher should explain what each group of experts have to do. 
 A different task should be assigned for each of the group. 
 Learners of each group should study and discuss the proposed subtopic. 
  
Jigsaw Phase  
 Each learner should return to the initial group and explain to his/her 

colleagues what s/he has learned about the assigned subtopic.   
  

 

III - Guided Discussion 

The goal of guided or directed discussion tasks is to give learners a chance to develop 

critical thinking, clear oral expression, as well as experience in posing and responding to 

questions. 

The activity flow can be divided into three main phases:  

Pose Question 
Phase 

Process description 

 A question should be posed.  
 Guidelines on discussion etiquette and criteria for evaluation should be 

given as well. 
  
Answer Phase  
 Learners should contribute original answers in response to the discussion 

question. Responses or questions should be offered to the other 
participants’ contributions as a means of broadening the discussion's scope. 
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Present Views 
Phase 

 

 Learners should present their views either orally or in writing at the end of 
the guided discussion task. 

  

 

IV - Concept mapping 

Concept mapping is a learning-teaching technique used to help students organize and 

represent knowledge of a subject organized graphically. Concept maps begin with a main 

idea (or concept) and then branch out to show how that main idea can be broken down into 

specific topics. It illustrates visually the relationships between concepts and ideas by means 

of geometric figures like circles and boxes. Concepts are linked by words and phrases that 

explain the connection between the ideas, helping students organize and structure their 

thoughts to further understand information and discover new relationships.  

The activity flow can be divided into three main phases:  

Pose a Question 
/Topic Phase 

Process description 

 A focus question should be posed (something that needs to be solved) 
  
Contribute Key 
Concepts  Phase 

 

 The key concepts are devised which should be connected and related to the 
focus topic. 

 Key concepts should be ranked. 
  
Relationships  
Phase 

 

 Cross-links should be added connecting concepts in different areas of the 
map, to further illustrate the relationships and strengthen learner’s 
understanding and knowledge on the topic.  

  

 

V - Role-playing 

The role-playing technique is a learning structure that allows students to 

immediately apply content as they are put in the role of a decision maker who must make a 

decision regarding a policy, resource allocation, or some other outcome. 

The activity flow can be divided into nine main phases:  

Warm Up Phase Process description 
 A problem should be presented to learners, providing examples, and having 

students predict what might happen. 
  
Selection Phase  
 The characters and their characteristics should be identified and learners 

volunteer or the teacher should assign the roles (the teacher should not 

http://www.inspiration.com/inspiration-socialstudies-examples
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assign roles based on learner suggestion, however, as that could put a 
learner in an uncomfortable situation or stereotype the student). 

  
Stage Setting 
Phase 

 

 A line of action and the setting should be established and the roles restated 
as well. 

  
Monitoring  
Phase 

 

 The observers should be identified (to make sure that the whole group stays 
involved; the teacher is encouraged to assign them tasks. For example, the 
observers could evaluate the realism of the role playing, respond to the 
effectiveness and sequences of the role players’ behaviour, and define the 
feeling and ways of thinking of the persons being portrayed). 

  
Enacting Phase  
 The actors should assume the roles and spontaneously “live” the situation 

from beginning to end of the situation. 
  
Discuss and 
Evaluate Phase 

 

 The action of the role playing should be reviewed, the focus discussed, and 
the next enactment developed. 

  
Reenacting 
Phase 

 

 New interpretations of roles should be shared and new possibilities for 
causes and effects should be explored. 

  
Discuss and 
Evaluate Phase 

 

 The action of the role playing should be reviewed and the focus discussed. 
  
Sharing Phase  
 Sharing experiences should be promoted as well as generalization should be 

foster.   
  

 

 

VI - Drill and Practice 

The drill and practice technique promotes the acquisition of knowledge or skill 

through repetitive practice oriented to small tasks such as the memorization, repetition of 

specific skills, for example, addition and subtraction, or spelling. To be meaningful to 

learners, the skills built through drill-and-practice should become the building blocks for 

more meaningful learning. 

It provides immediate, relevant feedback and prevents students from learning 

something incorrectly. Drill and practice allows students to work at their own pace while 

focusing on skills they need to work on rather than forcing them to work on concepts they 



     

 - 191 - 
 

already know. Drill and practice can also help identify mastery of a skill for both the student 

and the teacher. 

The activity flow can be divided into three main phases:  

Identify Topic 
Phase 

Process description 

 A topic should be identified and shared with learners (resources should be 
informed, for example, paper, computer software). 

 The learners' skills to be trained should be announced. 
  
Performance 
Phase 

 

 A time limit should be announced. 
 Personalized feedback should be given 
  
Assessment 
Phase 

 

 A practical test should be given to learners to assess the acquired skills. 
 Feedback should be given to students. 
  

 





 
 

  

This appendix lists the code of the relevant parts concerning the recommendation 

algorithm. 

 

/* 

 * To change this license header, choose License Headers in Project Properties. 

 * To change this template file, choose Tools | Templates 

 * and open the template in the editor. 

 */ 

package recommender.model; 

 

import java.io.BufferedReader; 

... 

import recommender.model.edu.UoP; 

import recommender.model.general.Ao; 

import recommender.model.general.Lo; 

import recommender.model.general.Perception; 

import recommender.model.general.So; 

import recommender.model.general.Tlo; 

import recommender.model.schpsy.Technique; 

import recommender.model.tltStructure.Task; 

import org.apache.log4j.Logger; 

import recommender.controller.AppController; 

import weka.associations.FPGrowth; 

import weka.associations.FPGrowth.AssociationRule; 

import weka.associations.FPGrowth.BinaryItem; 

import weka.core.Attribute; 

import weka.core.Instances; 

import weka.core.converters.ArffSaver; 

import weka.core.converters.CSVLoader; 

import weka.core.FastVector; 

import weka.core.converters.ConverterUtils; 

//import weka.core.converters.ConverterUtils; 

import weka.core.converters.ConverterUtils.DataSource; 

import weka.filters.Filter; 

import weka.filters.unsupervised.attribute.NumericToBinary; 

 

/** 

 * 

 * @author Dulce 

 */ 

public class RecommenderMechanism { 

     

    private UoP crUoP; // current unit of project  

    /** 

     * Auxiliary matrixes 

     */ 

    private  ArrayList<ArrayList<String>> inputMatrix; 

    private  ArrayList<ArrayList<String>> outputMatrix;  

    private  ArrayList<ArrayList<String>> techniquesMatrix; 

    private  ArrayList<ArrayList<String>> transactionMatrix; 

    private  ArrayList<ArrayList<String>> tecCombArr; 

    private  List<Double> scores; 
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    private static int cont=0; 

    private int crPos;  // current position 

    /** 

     * Auxiliary lists - Techniques features and UoP features 

     */ 

    private  List<String> tecArr; 

    private List<Technique> tecL; 

    private List<UoP> uopL; 

    /** 

     * Keeps the association rules  

     */ 

    private List<String> rulesL; 

     

    private AppController appController; 

     

    ... 

    public Map<Integer,AssociationRule> recommenderFPGROWTH(UoP uop,List<UoP> uopL, 

List<Technique> tecL,AppController appController){ 

       crUoP=uop; 

       this.tecL=tecL; 

       this.uopL=uopL; 

       this.appController= appController; 

       crPos=0; 

       scores=new ArrayList<>(); 

       inputMatrix = new ArrayList<ArrayList<String>>(); 

       outputMatrix = new ArrayList<ArrayList<String>>();  

       techniquesMatrix = new ArrayList<ArrayList<String>>(); 

       tecCombArr = new ArrayList<ArrayList<String>>(); 

       transactionMatrix = new ArrayList<ArrayList<String>>(); 

       tecArr = new ArrayList<String>(); 

       rulesL = new ArrayList<String>(); 

        JOptionPane.showMessageDialog(null, "FP 1"); 

       // Initialize and create the input matrix based on the current UoP  

       initializeMat(inputMatrix); 

       createInputMatrix(crUoP,inputMatrix); 

        

       // Search for UoPs similar to the current UoP 

       searchUoPs(); 

        

       // Search for TLTs from the "ontology"  

       boolean result=searchTLTs(); 

       // Sort by descendent order scores and transactionMatrix 

       sort(); 

       appController.setTransactionMatrix(transactionMatrix); 

       appController.setScores(scores); 

       ... 

        

       if (transactionMatrix.size()>0){ 

       Map<Integer,AssociationRule> solutions=          

executeFPGrowth(confidance,support,minSim); 

            return solutions; 

       } 

       else { 

            return null; 

       } 

    } 

    /** 

     * Search for all matching UoP that are saved in the repository 

     * @param uop Current UoP 

     */ 

    private void searchUoPs(){ 

        // Search for UoPs similar to the current UoP and add to the techniqueMatrix 

       int i; 

       ArrayList<ArrayList<String>> uopMatrix; 

       boolean resp; 

       List<String> temp; 

       for(i=0;i<uopL.size();i++){ 

          //createInputMatrix(crUoP,uopMatrix); 

          if (!crUoP.getPiData().getpName().equals(uopL.get(i).getPiData().getpName())){ 

                temp=uopL.get(i).getTltStructure(); 

                String nameTec; 

                nameTec = uopL.get(i).getPiData().getpName(); 

                if (temp.size()>0){ 

                    uopMatrix = new ArrayList<ArrayList<String>>(); 

                    initializeMat(uopMatrix); 

                    createInputMatrix(uopL.get(i),uopMatrix); 
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                    resp=matchesUopsMatrixes(inputMatrix,uopMatrix); 

                    if (resp){ 

                        addtoTransactionMatrix(temp);  

                        // Calculate similarity score 

                        double 

score=calculateSimilarity(crUoP.getLoL(),uopL.get(i).getLoL()); 

                        scores.add(Double.valueOf(score)); 

                    } 

                } 

           } 

       } 

    } 

    public boolean verifySimilarityItemSet(ArrayList<String> itemSet,double minSim){ 

         

        int i; 

        Technique tec=null; 

        String tecName=null; 

        List<Lo> lolSet=new ArrayList<>(); 

        ... 

                 

        double score=calculateSimilarity(crUoP.getLoL(),lolSet); 

        double perc= score/(crUoP.getLoL().size()+1); 

        if (perc>=minSim) 

            return true; 

        else 

            return false; 

    } 

     

    public static double calculateSimilarity(List<Lo> arr1, List<Lo> arr2){ 

        // Calculate similarity score 

        int [][] sim= {{0,0},{0,0}}; 

        int i, j, flag; 

        for(i=0;i<arr1.size();i++){ 

           flag=1; 

           for(j=0;j<arr2.size() && flag==1;j++) 

               if(arr1.get(i).equals(arr2.get(j))){ 

                   sim[0][0]++; 

                   flag=0; 

               } 

            if(flag==1) 

               sim[0][1]++; 

       } 

       sim[1][0]=arr2.size()-sim[0][0]; 

       double score = sim[0][0] + ((double)sim[0][0]/(sim[0][0]+sim[0][1]+sim[1][0])); 

       return score; 

      } 

        

    private void addtoTransactionMatrix(List<String> tecSeqArr){ 

        transactionMatrix.add((ArrayList<String>)tecSeqArr); 

         

    }  

     

    private Map<Integer,AssociationRule> executeFPGrowth(double conf, double sup, double 

minSim){ 

   

        Map<Integer,AssociationRule> solutions=null; 

        int pos,i,j; 

        List<String> vec= new ArrayList<String>(); 

        // Insert all technique names from the transactionMatrix into the vector 

               

        for(i=0;i<transactionMatrix.size();i++) 

            for(j=0;j<transactionMatrix.get(i).size();j++) 

            { 

                 

                if (!vec.contains(transactionMatrix.get(i).get(j))) 

                    vec.add(transactionMatrix.get(i).get(j)); 

            } 

        ArrayList<ArrayList<String>> fpgrowthMatrix= new ArrayList<ArrayList<String>>(); 

       // Initialize the matrix 

        for(i=0;i<transactionMatrix.size();i++){ 

            fpgrowthMatrix.add(new ArrayList()); 

            for(j=0;j<vec.size();j++) 

                fpgrowthMatrix.get(i).add("0"); 

        } 

                

        // Fill in fpgrowth matrix 

        for(i=0;i<transactionMatrix.size();i++){ 
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            for(j=0;j<transactionMatrix.get(i).size();j++) 

            { 

               pos=vec.indexOf(transactionMatrix.get(i).get(j)); 

               if (pos!=-1) 

                  fpgrowthMatrix.get(i).set(pos,"1"); 

           } 

        } 

        boolean resp; 

        try{ 

             

            resp=saveToCSVfileFPGROWTH(vec,fpgrowthMatrix); 

            if (resp){ 

                solutions=findAssociationRulesFPGROWTH(conf,sup,minSim); 

                 

            } 

        }catch(IOException e){ 

            JOptionPane.showMessageDialog(null, "Impossible to save data!!"); 

            return null; 

        } 

        return solutions; 

    }  

    ... 

     

    private static boolean saveToCSVfileFPGROWTH(List<String> vec, 

ArrayList<ArrayList<String>> fpMatrix) throws IOException{ 

        // Save matrix to a csvfile 

        int i,j;  

        boolean res=false; 

        try { 

            File file = new File((".\\Files\\db.csv")); 

            Formatter out = new Formatter(file); 

            try { 

                 for (i = 0; i < vec.size()-1; i++) { 

                    out.format("%s,", vec.get(i));  

                    } 

                out.format("%s%n", vec.get(i)); 

                for(i=0;i<fpMatrix.size();i++){ 

                    for(j=0;j<fpMatrix.get(i).size()-1;j++){ 

                        if (fpMatrix.get(i).get(j).equals("0")) 

                            out.format("%s,","0");  

                        else 

                            out.format("%s,","1"); 

                    } 

                    if (fpMatrix.get(i).get(j).equals("0")) 

                            out.format("%s%n","0");  

                        else 

                            out.format("%s%n","1"); 

                }             

                res=true; 

            } finally { 

                out.close(); 

            } 

        }catch (FileNotFoundException ex) { 

            res=false; 

            } 

         

        return res; 

    }         

     

   private Map<Integer,AssociationRule> findAssociationRulesFPGROWTH(double c,double 

s,double minSim) throws IOException{ 

         

        try { 

             

            CSVLoader loader = new CSVLoader(); 

            loader.setSource(new File(".\\Files\\db.csv")); 

            Instances data = loader.getDataSet(); 

            BufferedWriter writer = new BufferedWriter(new 

FileWriter(".\\Files\\db.arff")); 

            NumericToBinary binTransform = new NumericToBinary(); 

            binTransform.setInputFormat(data); 

            data = Filter.useFilter(data, binTransform); 

            writer.write(data.toString()); 

            writer.flush(); 
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            /** FPGROWTH run **/ 

            FPGrowth fp = new FPGrowth(); 

            List<AssociationRule> results=null; 

            DataSource source = new DataSource(".\\Files\\db.arff"); 

            Instances instances = source.getDataSet(); 

            try { 

                fp.setMinMetric(c); 

                fp.setLowerBoundMinSupport(s); 

                // For getting time execution 

                long start = System.currentTimeMillis(); 

                fp.buildAssociations(instances,minSim,this); 

                results=fp.getAssociationRules(); 

                if (results.size()>0) 

                    for(AssociationRule ar: results) 

                        System.out.println(">> Rule: "+ar); 

                else 

                    System.out.println("No rules found!!"); 

                 

            } catch (Exception ex) { 

                

java.util.logging.Logger.getLogger(RecommenderMechanism.class.getName()).log(Level.SEVER

E, null, ex); 

            } 

            finally{ 

                System.out.println("Finished"); 

                writer.close(); 

            } 

                 

             

            int k=0; 

            Map<Integer,AssociationRule> solutions = new HashMap<>(); 

            for(AssociationRule ar: results){ 

                solutions.put(k,ar);  

                k++; 

            } 

            System.out.println("\nSolutions:>>>"); 

            for(int i=0;i<solutions.size();i++){ 

                AssociationRule arr= solutions.get(i); 

                System.out.println(arr+"\n"); 

                 

            } 

            return solutions; 

        } catch (Exception ex) { 

            

java.util.logging.Logger.getLogger(RecommenderMechanism.class.getName()).log(Level.SEVER

E, null, ex); 

        } 

        return null; 

    } 

... 

   private void sort(){ 

        int i,j; 

        Double n; 

        ArrayList<String> temp; 

        for(i=0;i<scores.size()-1;i++) 

            for(j=i+1;j<scores.size();j++) 

                if (scores.get(i)<scores.get(j)){ 

                    n=scores.get(i); 

                    scores.set(i,scores.get(j)); 

                    scores.set(j,n); 

                    temp=transactionMatrix.get(i); 

                    transactionMatrix.set(i,transactionMatrix.get(j)); 

                    transactionMatrix.set(j,temp); 

                } 

    } 

} 

 

 

 


