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Executive Summary  

This deliverable aims to outline the current state of research in the areas of Conversational Agents, 

and Learning analytics. It provides literature reviews of the field as it stands and an overview of 

how the project aims to address gaps in the current research. 

To begin with, it provides information regarding the current use and research on Conversational 

Agents. It examines the use of different types of agents in previous projects and corporate and 

educational settings, with a focus on agents that promote collaboration. It also looks at the 

justification for integrating CAs (Conversational Agents) into MOOCs and the potential benefits 

and challenges of doing so. The document then turns its attention to the use of Learning Analytics 

and data in education. Here the main ideas behind learning analytics are explored followed by a 

project and meta-literature review. Existing literature reviews unfortunately do not provide the 

information needed by the project and thus a further literature review is conducted with three main 

project-relevant research questions in mind.  

 

First main RQ: What essential in LA? For whom and why is each aspect essential? 

Second main RQ: What are the techniques for implementing LA efficiently? 

Third main RQ: Who is leading LA research and which are the challenges and trends? 

 

With these questions in mind, the document examines the process of data gathering a processing, 

looks into the common pedagogical goals and stakeholders in LA and ethical issues that emerge 

when using LA, particularly on a large scale.  

Finally, following the literature review, the deliverable outlines how the project aims to address 

some of the gaps and concerns in the field of LA. Particular attention is placed on using LA in 

combination with CA and scaling LA up for use with MOOCs while providing meaningful 

analytics that move away from simply recording the noise that is produced by large online learning 

environments.  

All of these parts taken together are meant to compliment the work done in deliverable 1.1, an 

analysis of current research and trends in MOOCs, and provide critical information for further 

project work. Information will focus on  designing, developing and implementing the ColMOOC 

MOOCs in the second half of the project. 
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1 Introduction  

1.1 Purpose of this document 

The objective of this deliverable is to present: 

1. Background information and the status of current research regarding Conversational 

Agents 

2. Background information and the status of current research regarding Learning Analytics 

3. Background information and the status of current research regarding Data Processing  

4. Current research regarding the pedagogical objectives of Learning Analytics 

5. Information about project stakeholders 

6. The current use of Learning Analytics within the project 

1.2 Document structure 

The present deliverable is split into seven major chapters: 

• Conversational Agents 

• Learning Analytics 

• Data Processing 

• Pedagogical Objectives of Learning Analytics 

• Stakeholders 

• Identified Issues and Ethics 

• Learning Analytics in the current projecz 

1.3 Audience 

This document is internal to colMOOC project consortium and to EACEA and is available for 

researchers and interested members of the public. 
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2 Conversational Agents in Education 

2.1 The Roots of Pedagogical Conversational Agents  

The idea of building a learning environment that is ‘smart’ enough to sense learners’ moves and 

behave accordingly has a long tradition in technology-enhanced learning (Sleeman & Brown, 

1982). Such environments have been implemented in the form of adaptive educational systems 

(AESs) (Brusilovsky & Peylo, 2003) or intelligent tutoring systems (ITS) (Wenger, 2004), used in 

both individual and collaborative learning situations. These types of systems are model-based, that 

is, they implement a certain level of computational modeling, which enables them to exhibit 

adaptive or intelligent operation. For instance, an ITS aims to provide learner-tailored support 

during a problem-solving process, as a human tutor would do. To achieve this, the system typically 

employs extensive modeling of the problem-solving process in the application domain and utilizes 

artificial intelligence (AI) techniques, which are often implemented in the form of a software agent 

(or pedagogical agent). 

The evolution of ITS along with research in cognitive psychology and artificial intelligence gave 

rise to the concept of the “pedagogical agent” (Wenger, 2004). In computer science, a pedagogical 

agent is defined as an autonomous computer-generated virtual character, aiming to fulfill specific 

pedagogical purposes in a learning environment (Gulz et al. 2011). The term “autonomous” denotes 

that the agent employs some degree of intelligence, perceiving its environment through sensors and 

acting upon it using effectors (Franklin & Graesser, 1997). 

Unlike the impersonal and non-social agents used in the original ITS, a series of significant 

technological advancements in the visual embodiment and computational linguistics areas have led 

to the development of the social and personal pedagogical agents of today (Gulz et al., 2011). 

Agents have evolved into modern virtual characters that are able to exhibit social skills and interact 

with learners on a broad range of topics apart from tutoring (Veletsianos & Russell, 2014). For 

instance, the use of pedagogical agents acting as peer learners has been found to promote students’ 

empathy and motivation (Chase, Chin, Oppezzo, & Schwartz, 2009). 

A pedagogical agent may interact with a learner using multiple communication channels, such as 

text (Chaudhuri, Kumar, Howley, & Rosé, 2009) or speech (Wik, & Hjalmarsson, 2009). 

Furthermore, some agents may use the visual animations of their representations to interact with 

the learner non-verbally, using body movements, deictic gestures or emotional expressions to 

provide useful feedback or demonstrate helpful information (Ruttkay & Pelachaud, 2004). 

Conversational agents are able to run on local computers and phones, though most of the time they 

are accessed via the internet.  

Agents, which are visually represented are frequently labeled as “animated” or “embodied” 

pedagogical agents (Cassell, Sullivan, Prevost, & Churchill, 2000). Their representation and 

graphic design may vary significantly. They may have a two-dimensional appearance, sometimes 

resembling a cartoonish character drawn by a child (Veletsianos, 2010). On the other hand, they 

may take the form of a three-dimensional animated character (Dehn & van Mulken, 2000), which 

can be hard to distinguish from humans. This is quite common in virtual worlds or virtual reality 

applications as it is considered important for the agent to appear more human-like (Heller, Procter, 

& Rose, 2016).  

Research has revealed that the virtual appearance of a pedagogical agent may affect learners’ 

stereotypes or expectations of the agent intelligence (Veletsianos & Russell, 2014). Furthermore, 

the visual appearance and ‘personality’ features of the agent are considered crucial to designing an 

effective pedagogical agent, regardless of the level of its computational functionality (Baylor, 2009; 

Karacora, Dehghani, Kraemer-Mertens, & Gratch, 2012). For example, a lack of analysis may lead 
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to inappropriate visual design decisions causing the reproduction of social stereotypes or even the 

formation of misleading expectations (Gulz et al., 2011). 

As previously mentioned, with the latest innovations in computational technologies and the 

promising possibilities for integrating discourse in educational systems, a new subcategory of 

pedagogical agents has emerged, called “conversational agents”. Those agents typically refer to 

pedagogical agents attempting to engage learners in a conversation through natural language (Gulz 

et al., 2011). Utilizing the advantages of Natural Language Processing (NLP) techniques, such 

agents may hold a text-based (typed) or a spoken (voice-activated) conversations with the learners. 

Such conversations can be also complemented by non-verbal cues provided on the part of the agent 

in an attempt to amplify its ability to communicate a particular message or concept more effectively 

using multiple communication channels and modes. Moreover, the language skills of 

conversational agents may vary significantly, based on their NLP capabilities, from extremely poor 

to very clever intelligent, helpful and funny. Similarly to the case of pedagogical agents, the same 

is also true as concerns their graphical representation, which can vary from two-dimensional and 

cartoonish characters to photo-realistic ones. 

Over the past decade, conversational agents have been developed to serve multiple pedagogical 

roles, such as tutors, coaches or learning companions (Haake & Gulz, 2009). Additionally, 

conversational agents have been built to meet a variety of educational needs such as question-

answering (Feng, Shaw, Kim, & Hovy, 2006), tutoring (Heffernan & Croteau, 2004; VanLehn et 

al., 2007), language learning practice (Griol, Baena, Molina, & de Miguel, 2014; Wik & 

Hjalmarsson, 2009), and the promotion of health-related behavioral changes (Kennedy et al., 2012) 

and of metacognitive skills (Kerly, Ellis, & Bull, 2008).  

 

Figure 1. A timeline depicting the creation of some of the most popular conversational agents 

In general, a conversational agent is regarded as an artificial person, animal or other creature that 

communicates with humans primarily using natural language and may even hold conversations 

with them. This could be a text-based (typed) conversation, a spoken conversation or even a non-

verbal conversation.  

In the past, many conversational agents were developed aiming to engage learners in one-to-one 

(student-agent) tutorial dialogues (e.g., Evens & Michael, 2006; Graesser, Jeon, & Dufty, 2008; 

VanLehn et al., 2007; Latham, Crockett, McLean, & Edmonds, 2012; Rus, D’Mello, Hu, & 

Graesser, 2013). Such agents typically simulated the instructional behavior of a human tutor by 

exploiting AI techniques to converse with students on predetermined topics. Based on the 

observations of VanLehn et al. (2007), a student-agent tutorial dialogue can offer several benefits 
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over a monologue, such as the detection and remediation of failed communication, the correction 

of inaccurate student knowledge and increased interactivity. 

Indeed, a lot of success stories (e.g., Why2-Atlas, AutoTutor, ITSPOKE, Ms Lindquist, 

CALMsystem, ReTuDiS) were reported regarding the beneficial use of such agents in individual 

learning settings (Aleven, Ogan, Popescu, Torrey, & Koedinger, 2004; Graesser, Chipman, 

Haynes, & Olney, 2005a; Heffernan & Croteau, 2004; Litman & Silliman, 2004; VanLehn et al., 

2007). Among other findings, the results indicated learning and memory gains (Graesser, Person, 

Lu, Jeon, & McDaniel, 2005c; VanLehn et al., 2007), an increase in student motivation (Heffernan 

& Croteau, 2004) and improvement of self-explanation (Aleven et al., 2004) as well as of self-

assessment skills (Stathacopoulou, Magoulas, Grigoriadou, & Samarakou, 2005; Kerly, Ellis, & 

Bull, 2008). 

Nevertheless, a literature review reveals some points of criticism regarding the impact of 

conversational agents on individual learning, as follows: 

● The shallow interactions often taking place between the student and the agent (Jia, 2004). 

Rosé, Torrey, and Aleven (2004) found that students frequently provided more simplified 

answers to the conversational agent (e.g., one-word responses) as compared to their 

answers to the human tutors. 

● The agent’s role as a teacher substitute, often leads to the exclusion of the teacher from the 

educational process (Shawar & Atwell, 2007). 

● The agent’s strict dependence on the instructional domain that may limit the agent’s ability 

to adapt and operate in a new learning context and the teacher’s ability to configure the 

interaction (Kinshuk, 2002). 

 

2.2 Conversational Agents in Collaborative Learning Settings 

More recently, researchers turned their attention to designing ITS systems utilizing conversational 

agents for supporting collaborative learning activities (e.g., Chaudhuri et al., 2009; Kumar & Rosé, 

2011; Walker, Rummel, & Koedinger, 2011). Indeed, several research groups have started 

exploring the use of conversational agents as a means to trigger productive forms of peer dialogue 

and scaffold students’ learning in a CSCL context. The key objective of these efforts is to design 

the agent behavior in a way that it leverages constructive conversational peer interactions (e.g., 

argumentation, explicit explanation and mutual regulation) (Fischer, Kollar, Stegman, & Wecker, 

2013). The results have been quite encouraging so far, indicating that the use of conversational 

agents for providing collaborative learning support can significantly enhance learning outcomes 

(Kumar, Rosé, Wang, Joshi, & Robinson, 2007). 

Many of the studies above explore the impact that conversational agent interventions may have on 

the quality of peer dialogue and, consequently, on group and individual learning outcomes. For 

example, the use of tutorial agents that prompt peers to engage in directed lines of reasoning, also 

known as knowledge construction dialogues, have been reported to significantly improve learning 

performance in specific domains (Kumar, Rosé et al., 2007; Rus et al., 2013). In the above body of 

work, the agent support aims to increase the conceptual depth of students’ conversations by 

occasionally guiding students through a prescribed reasoning path so that it constructs their 

understanding of a domain concept and illustrates how the latter can apply to the collaborative 

problem solving context. It has been revealed that the agent supportive prompts are more effective 

in cases where learners are able to postpone their discussion with the agent until they feel ready 

(Chaudhuri et al., 2009). 
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Following a similar rationale, Walker et al. (2011) investigated the role of a conversational agent 

system that displayed reflective prompts during a reciprocal peer tutoring scenario, where two 

students took turns tutoring each other. The results showed that the adaptive agent support led 

students to increase the conceptual content of help in their utterances. Wang et al. (2007) also found 

that a conversational agent interacting with peers during a collaborative brainstorming activity 

could greatly enhance learners’ creativity, resulting in the production of more ideas than the ones 

produced by individuals brainstorming with human partners. 

Another series of studies focused on the benefits of using conversational agents employing social 

interaction strategies in collaborative learning situations. Once again, the results showed that agents 

engaging in off-task as well as task-related conversations could enhance learning by efficiently 

managing students’ attention and focus on the task (Ai, Kumar, Nguyen, Nagasunder, & Rosé, 

2010a; Gulz et al., 2011). Kumar, Gweon, Joshi, Cui, and Rosé (2007a) also reported a strong 

positive effect on the attitude that students displayed toward the socially capable agents. In addition, 

it was found that idea generation productivity could be effectively supported by a conversational 

agent making both instructional and socially-oriented interventions. 

Despite the promising outcomes of the studies conducted in this area, there was some criticism 

expressed, as well. Kumar et al. (2007b) underlined that learning partners might sometimes not 

interact productively with conversational agents, ignoring their prompts during peer dialogue. 

Another point of criticism has emphasized that there are still no possibilities of customization on 

the part of those expected to use such intelligent systems, adding that most agents tend to specialize 

in a specific instructional domain, being unable to operate in a variety of learning contexts 

(Adamson, Dyke, Jang, & Rosé, 2014; Adamson & Rosé, 2013). 

Inspired by the work of the teachers’ community, which systematically explored methods to 

promote and support effective classroom discussions, another research direction has recently 

emerged drawing on the classroom discourse framework of academically productive talk (APT) 

(e.g., Adamson, Ashe, Jang, Yaron, & Rosé, 2013; Dyke, Howley, Adamson, Kumar & Rosé, 

2013b; Stahl, 2015; Stahl, Rosé, O’Hara, & Powell., 2010). Unlike other CSCL studies that 

evaluated the effectiveness of supportive agent-based techniques originating from the area of 

individual learning, this line of research focused on scaffolding students’ discussions using an 

alternative, more flexible form of conversational agent support. Particularly, this approach 

emphasized the key role of social interactions in stimulating beneficial mental processes. Before 

we discuss related research studies and outcomes, we will briefly present the framework of APT as 

well as some features considered to be valuable indicators of productive dialogue.  

2.3 Valuable indicators of productive dialogue 

The classroom discourse framework of academically productive talk (also known as APT or 

Accountable Talk), has emerged through teachers’ exploration of effective classroom discussion 

practices on how to promote academic learning and reasoned student participation (e.g., Bellamy, 

2016; Chapin & O’Connor, 2012; Michaels & O’Connor, 2013a; Michaels, O’Connor, & Resnick, 

2008; Resnick, Michaels, & O’Connor, 2010; Sohmer, Michaels, O’Connor, & Resnick, 2009). 

This framework focuses on the importance of social interactions in learning and highlights a set of 

useful discussion practices and norms that can lead to reasoned participation by all students, 

increasing the probability of productive peer interactions occurring (Resnick et al., 2010). 

According to APT, in order to be effective, students’ conversations should be accountable to: 

1. The learning community: students should listen to and learn from each other, building their 

ideas upon their partners’ ideas. 
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2. Accurate knowledge: students should support the validity of their contributions by 

explicitly basing their claims on the pool of knowledge accessible to the group (e.g., their 

textbooks). 

3. Rigorous thinking: students should focus on logically connecting their claims in a 

reasonable and rigorous manner, assessing the logic of their arguments and drawing 

valuable conclusions. 

The approach of APT diverges considerably from other well-known types of classroom discourse, 

such as the IRE (Initiation, Response and Evaluation) or the “sharing session” formats (Michaels 

& O’Connor, 2013b). The IRE discussion format, widely used for reviewing material or examining 

what students can recall, involves a sequence of steps where the teacher asks a question, the student 

replies, and the teacher evaluates the correctness of the student’s answer before moving on to the 

next student with a new question (Cazden, 2001). In contrast to this approach, which allows the 

teacher to maintain control over the classroom discussions, APT emphasizes reasoning over 

correctness (Michaels, O’Connor, Hall & Resnick, 2010). APT aims to relinquish instructor’s 

authority on the topic under discussion and orchestrate a more student-centered discussion, where 

students are motivated and challenged to think profoundly and make use of their scientific 

reasoning skills in order to solve problems. In an academically productive peer discussion, students 

are expected to be intellectually engaged. Students actively participate and contribute to the 

conversation of their group, communicate their reasoning, pay attention to their partners’ 

contributions and construct logical arguments utilizing accurate evidence (Michaels et al., 2010). 

Another form of classroom discourse is the sharing session format, which involves collecting or 

sharing students’ evaluative opinions about a specific topic (Michaels & O’Connor, 2013b). In this 

kind of talk, which has been found to help students connect to prior knowledge and understand 

each other’s perspectives, the teacher asks students what experiences they have had on the topic 

and encourages more students’ responses. This approach considers each student’s opinion as an 

equally sound expression of individual perspective, and diverges from APT since students are not 

actually able to engage in an academically productive discussion where they can challenge or 

support each other’s opinions. 

Nevertheless, an academically productive peer dialogue is hardly a trivial task to accomplish, 

requiring teachers to support students’ discussion and provide guidelines in collaborative settings 

(Gillies, 2014). Following an extensive research based on classroom discourse, APT encourages 

instructors to utilize a set of strategic interventions (talk moves). The latter have been 

conceptualized as useful tools for triggering and modeling valuable forms of students’ discourse 

(Sohmer et al., 2009), and for responding to challenges teachers face in facilitating discussions 

(Michaels & O’Connor, 2013a). The effective implementation of APT interventions, such as the 

ones depicted in Table 1, can help maintain a rigorous, coherent, engaging and equitable discussion 

(e.g., Michaels et al., 2010; Michaels & O’Connor, 2012). There is also converging evidence that 

such agile facilitation strategies can deepen students’ understanding of complex material and lead 

to academic achievements in diverse classroom situations and educational contexts (Michaels et 

al., 2008; Chapin & O’Connor, 2012; Dudley-Marling & Michaels, 2012). 

A study conducted by Chapin & O’Connor (2004) assessed a 4-year intervention project in 

elementary schools as for the impact of training teachers to use a variety of APT facilitation moves 

in their math classes. The teachers’ moves urged students to explicate their reasoning and 

prescribed particular forms of talk where students built on one another’s thinking. The results 

showed that the students participating in the project outperformed their matched controls in 

mathematical understanding, computation and problem solving skills. Another study by Wolf, 

Crosson, and Resnick (2005) examining the relationship between academically productive talk and 
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students’ academic rigor scores indicated that facilitation moves, such as Linking Contributions 

and Pressing for Accuracy or Reasoning, are positively correlated with the academic rigor of 

reading comprehension. According to Michaels et al. (2008), the utilization of APT moves for 

orchestrating classroom discussions can promote deep understanding of complex concepts and 

result in significant academic achievements. 

Table 1. A list of academically productive talk (APT) moves 

APT move Example 
Dimension of 

Accountability 

1.Link Contributions 

A.   Agree-Disagree 

B.   Add-On 

A. “Do you agree with what your partner 

said about …?” 

B. “Would you like to add something to 

…?” 

Learning Community 

2.  Keep Everyone Together “Can you rephrase what your partner said 

in your own words?” 

Learning Community 

3.  Revoice “So, are you saying that … Is that 

correct?” 

Learning Community 

4.  Press for Accuracy 

A.   Press for Credibility 

B.   Press for Completeness 

A. “Could you identify that in a reference 

book?” 

B. “This is probably true, but how could 

we get more evidence on that?” 

Accurate Knowledge 

5.  Build on Prior Knowledge “How does this connect with what we 

know about …?” 

Accurate Knowledge 

6.  Press for Reasoning “What are the arguments in favor of 

that?” 

Rigorous Thinking 

7.  Expand Reasoning 

A.   Take your Time 

B.   Say More 

A. “Please, take your time before 

answering” 

B. “That’s interesting! Can you elaborate 

on that?” 

Rigorous Thinking 

  

The emphasis of APT on students’ explicit reasoning (rather than total correctness) coincides with 

the view of many researchers exploring features conducive to a productive peer dialogue. A number 

of researchers explored the topic of what makes group discussions productive for learning and 

community building (Sionti, Ai, Rosé, & Resnick, 2012). Many studies were conducted in this area 

from both a cognitive and a socio-cultural perspective, some highlighting the fact that the 

formalized identification of an effective dialogue can be a complex and challenging task (Mercer, 

2010). The studies provided similar research findings, despite their differentiation in 
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conceptualization and terminology, such as ‘transactivity’ (Berkowitz & Gibbs, 1983; Teasley, 

1997; Weinberger & Fischer, 2006), ‘uptake’ (Suthers, 2006), ‘productive agency’ (Schwartz, 

1998), and ‘group cognition’ (Stahl, 2006). These theoretical constructs originate either from the 

Piagetian perspective (e.g., de Lisi & Golbeck, 1999) or the Vygotskian perspective (e.g., Schwartz, 

1998), and refer to a generalized pattern about how new knowledge is constructed through learners’ 

discourse. Particularly, it is suggested that, during a dialogue, knowledge construction occurs 

through a series of steps where peers’ mental models are articulated, shared, mutually examined 

and potentially integrated (Stahl & Rosé, 2011). 

Under this prism, some consistencies were found while investigating vital conversational 

characteristics and behaviors fostering meaningful learning. Two critical features of effective 

conversational behavior were reported to be (a) the explicit display of reasoning, and (b) the 

presence of references and connections among students’ utterances (Sionti et al., 2012; Stahl & 

Rosé, 2011).  

First, the explicit articulation of students’ reasoning is considered as a matter of major importance. 

According to APT, a very effective teaching strategy is to help learners externalize their thinking 

by “sharing their reasoning out loud” (Michaels et al., 2008). Indeed, a common issue is that 

sometimes learners do not make their perspectives explicit to the group so that a common ground 

can be negotiated and a consensus can be reached (Weinberger, Stegmann, & Fischer, 2007). 

Brandom (1998) suggests that making something explicit can be described as the process of putting 

a claim into “a form in which it can be given as a reason, and reasons demanded for it”. This is 

especially important in written dialogue where the externalization of students’ reasoning can both 

be essential to the development of explicit references, thus enhancing dialogue coherence (Oehl & 

Pfister, 2009; Mühlpfordt & Wessner, 2005), and facilitate peer interactions and grounding 

processes that affect the outcome of students’ collaboration (Papadopoulos, Demetriadis & 

Weinberger, 2013).  

The explicitness of students’ reasoning can be also regarded as a prerequisite for dialogue 

transactivity, itself considered to be a strong indicator of the learning taking place during peers’ 

discourse (Sionti et al., 2012). Transactivity can be described as the degree to which learners use 

their partners as resources, referring to and building on each other’s reasoning as the dialogue 

unfolds (Fischer et al. 2013; Stahl, 2013b). Berkowitz and Gibbs (1983) define the term 

transactivity as “reasoning operating on the reasoning of the other”. Likewise, Ai, Sionti, Wang, 

and Rosé (2010b) state that transactive contributions are arguments constructed upon the previously 

expressed reasoning of oneself or others.  

Dialogue transactivity has been repeatedly explored in the domain of CSCL. Teasley (1997) found 

that transactive contributions are positively correlated to learning outcomes in collaborative 

problem-solving settings. Similarly, Chi (2009) reported that learning activities involving students 

deriving information from one another and building on each other’s contributions are associated 

with better learning outcomes as compared to other types of activities. In line with these findings, 

Stegmann, Weinberger, and Fischer (2011) indicated that a higher level of transactivity could 

significantly enhance individuals’ domain knowledge. Moreover, Noroozi, Weinberger, Biemans, 

Mulder & Chizari (2013) revealed that transactivity could increase the quality of both the group 

and the individual problem solutions produced in a problem-solving activity, while both the 

externalization of students’ own knowledge and the elicitation of their partner’s knowledge can 

facilitate collaborative learning. 

2.4 Agile conversational agents supporting group discussions. 

Drawing on the approach of academically productive talk, a research direction has emerged in the 

past few years investigating the usage of conversational agents that perform academically 
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productive talk moves (see Table 1) (e.g., Adamson et al., 2014; Adamson et al., 2013; Dyke et al., 

2013b; Dyke, Adamson, Howley, & Rosé, 2012; Stahl et al., 2010). This type of agents are designed 

to act as peer dialogue facilitators during collaborative activities, promoting students’ engagement 

in constructive conversational interactions through a series of agile interventions (Stahl, 2015). 

Such agents typically display low-content interventions that aim at eliciting student reasoning 

instead of providing content-specific explanations or instructional assistance. Based on the large 

body of work suggesting that APT facilitation strategies can be beneficial for learning across a wide 

range of subject areas (e.g., Michaels et al., 2008, Michaels & O’Connor, 2013a), a main advantage 

of this agile form of dialogue support is that it can be - to a certain extent - domain-independent 

and scalable.  

A limited number of studies has explored the impact of conversational agents employing the social 

interaction strategies of APT. Dyke et al. (2012) first investigated and compared the effect of two 

forms of agile support aiming to scaffold students’ discussion in the context of a 9th grade biology 

classroom. In the experimental dialogue-based activity, students were assigned in groups of three. 

The study compared three conditions: (a) no APT support, (b) direct APT support, directly 

prompting students through APT interventions (e.g., “John, could you say what Ann said in your 

own words?”), and (c) indirect APT support, prompting students to fulfill their assigned role 

performing a proposed APT move (e.g., “Susan, could you ask John to say in his own words what 

Ann said?”). In the APT supported conditions, the agent was designed to display multiple types of 

APT interventions such as Agree-Disagree, Revoice or Press for Reasoning interventions (Table 1, 

items 1A, 3 and 6). The study results indicated that both supported conditions improved learning 

outcomes and increased students’ participation in a subsequent classroom discussion. Furthermore, 

the direct condition was found to outperform the indirect condition in increasing students’ explicit 

reasoning.  

Adamson et al. (2013) investigated the efficacy of an Agree-Disagree agent intervention mode, 

which prompted students to comment on their partners’ statements (e.g. “What do you think about 

John’s idea? Do you agree or disagree?”) (Table 1, item 1A). According to the study researchers, 

the intervention of the agent intended to promote student interaction and raise the level of critical 

thinking. The study was conducted in the context of a chemistry university course and involved 

first-year undergraduate students. The students were randomly assigned to groups of three or four 

working together to accomplish a collaborative task. An Agree-Disagree condition was compared 

to a Control condition, where the intervention mode of the agent was deactivated. Findings revealed 

that the Agree-Disagree agent interventions had a marginally positive effect on students’ learning. 

The results also indicated that the agent interventions considerably intensified knowledge exchange 

by actively promoting a conceptually enriched student-centered discussion.  

Dyke, Adamson, Howley & Rosé (2013a) assessed the performance of a Revoicing facilitation 

strategy (Table 1, item 3), which aimed to help students externalize, expand and clarify their own 

thinking (e.g. “So what I hear you saying is ‘X’. Is that right?”). The Revoicing intervention mode 

was contrasted to a Feedback intervention mode, providing encouragement for students engaging 

in productive behaviors (e.g., “Thanks for offering an explanation”). The study involved two 9th 

grade biology classes. The findings indicated a positive learning effect of the Revoicing 

intervention mode, which led to a more intensive reasoning exchange between peers. The Feedback 

intervention mode was also found to increase the expression of students’ reasoning, albeit it did not 

affect students’ learning. Two months later, another study was conducted involving the same 

participants in a similar context (Adamson et al., 2014). This time, no significant learning effect 

was detected for Revoicing. It was concluded that this difference was owed to the fact that the 

material of the second study was easier for the students since at that time students were more 

familiar with the subject. A third study, which took place in the context of an engineering university 
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course, reported a negative learning effect for the Revoicing intervention mode (Adamson et al., 

2014). 

In another study involving 9th grade biology classes, Adamson and Rosé (2013) compared the 

Revoicing with the Agree-Disagree agent intervention mode. The agent of the study supported 

groups of three students during a collaborative learning activity. The results of the study revealed 

a differential effect for the two intervention modes, showing that the Revoicing facilitation strategy 

was more beneficial than the Agree-Disagree one for this age group. 

The current research findings emerging from the few studies conducted suggest that agile 

conversational agents can improve students’ learning outcomes and increase the conceptual depth 

of students’ conversational interactions. However, this is only true for certain cases since the agent 

efficacy seems to largely depend on such factors as the cognitive skills of the learner, the difficulty 

of the instructional domain, and the type of the facilitation move employed (Adamson & Rosé, 

2013). For example, an Agree-Disagree agent intervention mode is appropriate for advanced 

learners who are somewhat experienced in the subject and with solid argumentation skills 

(Adamson et al., 2014); yet, a Revoicing mode focusing on eliciting self-oriented conversational 

moves appears to be beneficial only for novices or young learners, not always capable of 

articulating their own ideas (Dyke et al, 2013a). The above view appears to be consistent with 

Michaels et al. (2008) work indicating that the effectiveness of the various agile facilitation 

strategies may depend on various elements such as the authority of the teacher or the background 

of the students. Additionally, Stahl (2013a) underlines the need to reduce the verbosity level of the 

agent interventions in order to minimize the interruption effect emerging from the interference of 

the conversational agent. 

Inspired by the aforementioned studies on such agile agents, another research group has also 

experimented with the value of utilizing conversational agents that support group discussions and 

intensify students’ valuable interactions (Tegos, Demetriadis & Tsiatsos, 2014b; Tegos, 

Demetriadis, & Karakostas, 2015; Tegos, Demetriadis, Papadopoulos, & Weinberger, 2016; Tegos 

& Demetriadis, 2017). The main aim of this research effort was to explore if specific conversational 

agent intervention strategies can be more beneficial than others in collaborative learning settings. 

Also, it was investigated whether the utilization of such agent-based agile facilitation strategies can 

foster the development of cost-efficient domain-independent conversational agents of considerable 

pedagogical value.  

Following the development of a prototype conversational agent system (Figure 2), which allowed 

the instructor/researcher to set up an online dialogue-based activity along with the agent support 

via a concept mapping interface, a series of research studies were conducted. The experimental 

activities took place in two languages (English and Greek), four instructional domains (language 

learning, multimedia learning, modern history and human-computer interaction) and two education 

levels (higher education and primary education). Those provided an empirical foundation for 

employing an agile facilitation approach that aims to scaffold group discussions through the 

delivery of dynamic agent interventions.  
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Figure 2. MentorChat conversational agent system 

A study exploring the impact of a Linking Contributions agent intervention mechanism (Table 1, 

item 1) in higher education settings indicated that students may learn better with the presence of 

conversational agents aiming to engage students in transactive conversational interactions (Tegos, 

Demetriadis, & Karakostas, 2015). The role of this agent was to encourage students to elaborate 

and build on each other's ideas, while focusing on the most important facets of the domain. Findings 

suggested that the students in the treatment group, who received LC agent interventions, 

outperformed their control counterparts, who discussed without the agent interference, in both 

recalling and applying their conceptual knowledge. In addition, the evaluation of all group answers 

indicated that the treatment groups received considerably higher ratings and their answers were 

more conceptually solid based on certain principles of the domain. The positive agent effect on the 

domain-learning outcomes at both an individual and a group level is in line with the results of 

Adamson et al.’s (2014) study.  

Another key finding of this study is that the frequency of students’ explicit arguments was found 

to have a mediating role in the relationship between the agent interventions and students’ learning 

outcomes (Tegos et al., 2015). Indeed, converging evidence arising from a series of recent studies 

suggest that the level of explicit reasoning can serve as a mediator variable clarifying the nature of 

the relationships between the agent interventions and students’ learning, as well as between the 

agent interventions and group performance (Tegos et al., 2016; Tegos & Demetriadis, 2017). This 

means that the level of explicit reasoning constitutes a valuable predictor of conversational 

outcomes, successfully predicting both students’ learning and collaborative performance. 

Therefore, the pedagogical effectiveness of the agent interventions may rely on their ability to 

engage peers in productive conversation interactions such as explicit explanation or argumentation, 

where students communicate their reasoning and build on each other’s ideas. 

Following a similar rationale with the previously presented study, another study explored and 

compared the effect of two different Linking Contributions interventions modes: unsolicited 

(displayed automatically) LC agent interventions vs. solicited (only displayed on-demand) LC 

agent interventions (Tegos, Demetriadis, & Karakostas, 2014a). The study showed that the 

unsolicited intervention was more effective in inducing explicit reasoning during students’ 

discussions. Although most students preferred the solicited intervention mode because of the 

allowed time management, the unsolicited mode performed better in terms of triggering productive 
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conversational interactions and eliciting reasoned responses. Based on the evidence that emerged 

following the discourse analysis process, the positive effect of the unsolicited agent intervention 

mode on the generation of valuable students’ contributions can be ascribed to the fact that the 

unsolicited interventions were usually better targeted and more relevant to the ongoing discussion 

topic. Even though the unsolicited interventions did seem more intrusive in a few occasions, in 

agreement with some students’ remarks, they appeared to be more effective in stimulating explicit 

positions and arguments, mainly because of their increased coherence with the ongoing subject of 

discussion. 

A study conducted in the context of a university class on human-computer interaction concluded 

that a directed agent intervention mode, which addresses a specific group member and structures 

the way peers respond to the agent, can stimulate considerably more students’ responses displaying 

explicit reasoning in comparison to an undirected intervention mode, which addresses all peers and 

allows them to decide who will respond to the agent (Tegos et al., 2016). In this case, the agent was 

designed to urge students to build on their prior knowledge, supporting accountability to accurate 

knowledge (Table 1, item 5). The positive effect of the direct intervention mode on the induction 

of explicit reasoning was also supported by the results of another research study, which differed 

with respect to the activity language (Greek) and domain (language learning) (Tegos et al., 2014b). 

Apart from this outcome, the study revealed that even though the activation of both agent 

intervention modes can lead to learning gains, the directed agent interventions appear to be more 

effective in improving individual knowledge acquisition in the context of a collaborative learning 

activity (Tegos et al., 2016).  

It is worth noting that this group of studies demonstrated the feasibility of building an effective 

domain modeling interface for conversational agents that enable the teachers to configure the 

conversational agent without requiring any programming skills (Tegos et al., 2016; Tegos & 

Demetriadis, 2017). For example, it has been shown that a concept mapping approach (see Figure 

3) may enable the teachers to model the agent domain knowledge at a higher level and shape agent 

interventions that can lead to substantial learning benefits. Students appear to be mostly positive 

towards such agent interventions that are delivered at a relatively low rate and attempt to scaffold 

students’ online discussions. They seem to acknowledge their pedagogical value, even when some 

of the interventions are not so well targeted. Overall, it seems that even if a system does not employ 

complex natural language processing algorithms, thus having a relatively low development cost, it 

can still have a high pedagogical value. Despite the potential limitations of such a system, for 

example, its inability to engage in full-fledged discussions with the learners, its flexibility, 

robustness and ease of scaling provide new challenges and opportunities for research on agent-

based collaborative learning support. 
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Figure 3. An example of a concept mapping interface that enables the configuration of an agent 

domain model 

2.5 Pedagogical Agents in MOOCs 

Considering that the positive impact of agile conversational agents has already been illustrated 

within the field of CSCL, a logical and valuable next step seems to be the attempt of utilizing such 

context-aware supportive mechanisms in the context of MOOCs (Rosé & Ferschke, 2016). Indeed, 

with the recent rise in focus on MOOCs, research could open new possibilities to leverage agent-

based support for collaborative and discussion-based learning experiences. Considering the value 

of conversational agents in serving as effective automated facilitators of synchronous collaborative 

learning, future research could focus on designing, developing and deploying agent supported 

collaborative MOOC activities that emphasize the beneficial role of social interactions. 

As already described in D1.1, despite the huge potential of MOOCs in creating beneficial learning 

experiences for a large number of learners, a key challenge for MOOCs is still the inability to 

provide a solid social environment that contributes to the sustained engagement and learning. This 

issue is further amplified by the fact that there are many limitations with regards to the instructors 

and teaching staff providing real-time support in MOOC environments. We believe that this 

problem can be partially tackled by leveraging context-aware support technologies, such as 

conversational agents, which may serve as automated ‘amplifiers’ of the tremendous support 

resources that the students can offer to each other by themselves. 

Taking into account the preliminary evidence provided by a few studies conducted in this area, it 

seems that conversational agents supporting small group online collaboration may have a direct 

application in MOOCs, where students may be assigned to small groups in order to collaborate and 

work on online activities or assignments (Tomar, Sankaranarayanan, & Rosé, 2016). Still, the 

MOOC environment presents a series of practical challenges when we are thinking of the 

integration of synchronous collaborative activities. For example, students’ coordination can be a 

key issue since students come and go at their own pace and may have different preferences  

regarding the time they want to spend on the available course activities. Moreover, some students 

may face connectivity issues or drop out in the middle of a collaborative activity. There are other 

challenges as well deriving from the composition of MOOC student populations, which are more 

diverse as compared to classroom populations regarding educational level, age and culture. Even 



D1.2 CA and LA analysis 

colMOOC – Project Number: 588438-EPP-1-2017-1-EL-EPPKA2-KA 25 

the students’ different time zones can serve as a big obstacle while trying to organize synchronous 

collaborative activities in the inherently asynchronous learning environment of MOOCs. 

In a first attempt to gain a better understanding of those problems, a research group explored the 

feasibility of integrating a chat environment featuring a conversational agent in a MOOC on 

learning analytics (Ferschke, Tomar, & Rosé, 2015b). The study employed a statically scripted 

conversational agent guiding students with course-related discussion questions. The agent prompts 

displayed messages such as the following: “In this collaborative activity, we will reflect on what 

you have learned about the field of learning analytics. First, take a couple of minutes to introduce 

yourselves.” or “Now that you have viewed the videos, share what you found most interesting about 

learning analytics”. Students could interact at their own pace and decide when to move on to 

another discussion topic (Figure 4). 

 

Figure 4. The Bazaar Collaborative Reflection synchronous chat used in a MOOC environment 

(Rosé & Ferschke, 2016) 

 

The study findings indicated that students discussions showed a higher rate of reflective 

contributions and appeared to be more constructive as compared to the available MOOC discussion 

forum. A survival analysis also suggested that the successful participation in collaborative chats 

had a positive impact on attrition over time in the course (Ferschke, Yang, Tomar, & Rosé, 2015c). 

An additional analysis, which considered the user clicks on videos and the participation in 

discussion forms as control variables, revealed that students’ participation in collaborative chat 

activities can lower the risk of dropout by 50%.  
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A post hoc analysis revealed that students had a richer interaction when they were in the chat with 

exactly one partner (Tomar, Sankaranarayanan, Wang, & Rosé, 2017). A reason could be that the 

design of the conversational agent intervention mechanism may have not been sufficient to scaffold 

the interaction among more than two learning partners. Interestingly, students participating in this 

study expressed their desire to be able to discuss the agent questions with the agent itself instead of 

just providing their reflections on the agent interventions and prompts. This was supported by the 

discussion logs showing that students sometimes tried to start and hold a conversation with the 

agent in cases where they were no connected human partners.  

Overall, one of the main limitations of the presented study was the technical difficulties faced by 

the students. Students appeared to have difficulties finding a match for their synchronous 

collaborative reflection exercise. Specifically, the students had difficulties entering the chat lobby 

with a partner, even though dedicated chat hours were predefined and presented to the students in 

order to alleviate such coordination issues. Many students even decided to abandon the chat activity 

entirely after not being able to connect with a partner within 10 minutes. A potential solution can 

be the use of a scheduling system that urges students to sign up for a set of predefined time-slots 

before entering the collaborative activity (Kulkarni, Cambre, Kotturi, Bernstein, & Klemmer, 2015; 

Tomar et al., 2017). It should be also noted that although the MOOC platform of this study did not 

support continued social engagement between paired learners, learners were found to crave social 

engagement with other individuals taking part in the course and often exchanged contact 

information with each other for future collaboration opportunities.  

The results of this recent research effort presented above highlights the importance of building 

conversational supportive mechanisms that leverage CSCL insights for providing instructionally 

beneficial conversational interactions. A series of best practises and strategies need to be defined 

so we can design and integrate effective conversational agents that support and guide students 

participating in MOOCs and are agile enough to be able to operate in different online discussion 

contexts without requiring a lot of setup effort. 

Based on the experiences gained through analysis of pedagogical agents in MOOC settings, some 

systems have been developed and successfully deployed that support effective collaboration and 

learning in those settings (Ferschke et al, 2015a) developed two systems built on pedagogical agents 

designed to provide opportunities for discussion-based learning in MOOCs. One of the pedagogical 

agents, called QuickHelper, focused on help exchange while the other, called Bazaar, focused on 

collaborative reflection. Both agents were deployed in a real MOOC that was offered on the edX 

MOOC platform (edX, 2018; Ferschke et al., 2015b).  QuickHelper (Figure 5) was motivated by 

the fact that while virtually all MOOCs offer threaded discussion, affordances where students can 

post help requests, some students are reticent to ask for help, and even when students do post help 

requests, many of these requests go unanswered. Therefore, this pedagogical agent was designed 

to support help seeking as well as increase the probability that help requests were met with a 

satisfactory response. Using this help request, a social recommendation algorithm selects three 

potential help providers from the pool of student peers. The student is then given the option to 

invite one or more of these potential helpers to their thread, as shown in Figure 1. Once selected, 

an email with a link to the help request thread is then automatically sent to the selected helpers 

inviting them to participate in the thread.  
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Figure 5. A screenshot of the helper selection in Quick Helper (Ferschke et al., 2015b). 

A second pedagogical agent, named Bazaar Collaborative Reflection (Figure 2), makes 

synchronous collaboration opportunities available to students in a MOOC context. This approach 

follows research outcomes in Computer-Supported Collaborative Learning, which has 

demonstrated that conversational computer agents can serve as effective automated facilitators of 

synchronous collaborative learning (Dyke et al., 2013b). However, typical MOOC providers do not 

offer students opportunities for synchronous collaboration, and therefore have not so far benefitted 

from this technology. To overcome this limitation, Bazaar is implemented as a collaborative chat 

environment with interactive agent support with the aim to facilitate the formation of ad-hoc study 

groups for the chat activity, where students are matched and provided with a link to a chat room 

where they can work with their partner students on a synchronous collaboration activity supported 

by a conversational computer agent (Ferschke et al., 2015b). This work is built on research findings 

(Dyke et al., 2013a; Adamson et al., 2014) where conversational agents appear as regular users in 

the chat, as shown in Figure 6 (Ferschke et al., 2015c). An important lesson learned from this 

approach was that whereas providing the opportunity for synchronous chat was positive for students 

for whom it was possible to be matched for a chat easily, this positive effect was balanced with a 

negative effect in the case where the lack of critical mass despite the total enrollment of 20,000 

students from their MOOC was not sufficient to enable a quick match (Ferschke et al., 2015c). 
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Figure 6. Bazaar Collaborative Reflection chat  

A different approach is to integrate Intelligent Tutoring Systems (ITS) with MOOCs, considering 

that the pedagogical approaches used in ITS and MOOCs are largely complementary (Aleven, 

Sewall, Popescu, Ringenberg, van Velsen, & Demi, 2016). Indeed, MOOCs support many forms 

of instruction, including video lectures, reading with conceptual questions, discussion boards, and 

various forms of learning-by-doing with automated or peer feedback. Although these solutions have 

been quite successful at scale, they have their drawbacks. For instance, peer discussion and 

feedback are not always timely; peers may not know the right answer or may disagree, and many 

learners may be reluctant to post questions and concerns to a large audience (Baxter & Haycock, 

2014). In addition, MOOCs sometimes have limited capabilities to support individual learning or 

personalizing instruction (Mackness, Mak & Williams, 2010).  

ITSs address some of these limitations (Pane, Griffin, McCaffrey & Karam, 2013) by, for example, 

providing step-by-step guidance during complex problem solving, tracking learners’ skill growth 

and select problems on an individual basis, and adaptively responding to student strategies and 

errors. The purpose is to integrate ITS-style learning-by-doing into MOOCs. To this end, a system 

named Cognitive Tutor Authoring Tools (CTAT) was developed to build and embed software tutors 

from ITSs into MOOCs and in particular in the edX MOOC platform (Aleven et al., 2015) so that 

an author can build a tutor interface with CTAT-enabled interface components using ordinary 

HTML coding techniques. Several projects and studies (Aleven et al., 2015) have demonstrated the 
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feasibility of the MOOC/ITS integration between edX and CTAT HTML tutor interfaces, including 

several prototypes of tutors used in online statistics courses (Figure 7). 

 

 

Figure 7. CTAT StatTutor in a Statistics course (Aleven et al., 2015). 

A recent project named “Promoting academically productive talk with conversational agent 

interventions” (Tegos et al., 2015) set as a key objective to explore the impact of questioning 

interventions implemented by a Conversational Agent (CA) in the context of computer-supported 

collaborative activities in higher education. The type of interventions is modelled according to 

‘Academically Productive Talk’ (APT), as discussed earlier. To this end, this project (1) designed 

and developed a teacher-configured CA component able to be integrated in chat tools, and (2) 

implemented a number of research activities exploring various facets of the impact of the CA 

component on students’ learning in a series of relevant studies (Tegos & Demetriadis, 2017; Tegos 

et al., 2015). 

The overall outcome of the project has been highly positive indicating that this type of APT-based 

automated form of conversational support can enhance students' explicit reasoning on domain 

concepts and improve individual and group learning in the context of a collaborative learning 

activity in higher education settings (Tegos & Demetriadis, 2017; Tegos et al., 2015). However, all 

available research so far has been conducted in controlled experimental settings. Recently, the 
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project has been expanded to explore this approach ‘in the wild’, that is in actual MOOC settings 

(Demetriadis et al., 2018). 

 

 

Figure 8. A conversational agent’s intervention in a collaborative activity to stimulate 

participation (Tegos et al., 2015). 

In line with the previous approach, some projects and developments based on software agents have 

the potential to stimulate the collaborative learning interaction by agents with the aim to overcome 

relevant issues arisen in these contexts, in particular in massive MOOC-like courses, such as (i) the 

discussion is based on a long list of messages, which is hard to follow by students and tedious to 

monitor by tutors and moderators; (ii) after the collaborative activity is over the discussion is not 

available anymore and the collaborative knowledge produced is lost; (iii) usual text-formatted posts 

are far from real-life discussions and physical participation, thus chances for social benefits from 

actual collaboration are not available. All these deficiencies lead to rudimentary collaborative 

learning practices, little attractive and lack of interest, thus having a negative effect on learners’ 

self-motivation and engagement in their learning process (Caballé, Daradoumis, Xhafa & Juan, 

2011). 

In order to overcome these and other related limitations and deficiencies, a system called 

Virtualized Collaborative Session (VCS) (Gañán, Caballé, Conesa & Xhafa, 2015) that enables the 

virtualization and registration of live collaborative sessions in order to produce interactive and 

attractive learning resources to be experienced and played by learners. Learners can observe how 

students represented by agents discuss and collaborate, how discussion threads grow, and how 

knowledge is constructed, refined and consolidated (Figure 9). The registered agent-based 

discussions are eventually packed and stored for further reuse, enriching live sessions of 

collaborative learning with balanced levels of interaction, challenge and empowerment (Caballé et 

al, 2014). 
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Figure 9. Sequence of screenshots of the VCS embedding a discussion evolving over time, 

produced by the virtualization of a live collaborative session performed in a web forum (Caballé 

et al. 2014). 



D1.2 CA and LA analysis 

colMOOC – Project Number: 588438-EPP-1-2017-1-EL-EPPKA2-KA 32 

3 Learning Analytics 

The purpose of this review is threefold: (a) to critically review the recently published (2011-2017) 

scientific literature on the Learning Analytics (LA) issue, (b) to understand and identify current 

trends, gaps and research questions in the field summarizing the existing empirical evidence of the 

benefits and limitations and (c) to generalize the results, particular attention will be paid to literature 

involving learning analytics related to MOOCs or Conversational Agents. After systematically 

searching online bibliographic databases and journals, 140 articles were included in the review 

from a sample of 420 articles. The selected empirical evidence articles based on critical and 

qualitative, non-statistical content analysis, meaningful review of the literature, were exhaustively 

studied and analyzed for their research questions, stakeholders, and limitations. The findings 

showed that LA is an interdisciplinary field of study and indicated that creating up-to-date and 

efficient techniques and tools is an emerging research challenge for the educational research 

community. This work discusses the results filtering five conceptual dimensions – the object of 

analysis, technology, objectives, stakeholders, and ethics - which are defined, valued and analyzed. 

It presents state of the art policy guidelines and the best practices from the literature for scholars, 

faculty, course designers, policymakers, researchers, and other educational stakeholders about 

establishing responsible, efficient and mainly pedagogic LA approaches and tools. It is expected 

that this qualitative content analysis will be a synopsis and guide for all key educational 

stakeholders, who would like to gain insights into this emerging field.  

3.1 Background 

Data analytics are mature technologies and an industry applied to real-life financial, business and 

health systems. Big data analytics is the use of advanced analytics techniques examining 

considerable datasets to generate meaningful conclusions, making a better decision or assessing 

models for improving organizational processes (Asamoah, Sharda, Hassan Zadeh, & Kalgotra, 

2017; Jantti & Heath, 2016). Big data is used to refer to data that are large and cannot be managed 

(capture, store, manage, and analyze) with traditional management software tools (Asamoah et al., 

2017). Big data analysis is the natural evolution of computation (Zhuhadar, Yang, & Lytras, 2013) 

and has been applied to various industries. Medicine is looking at using analytics to predict who 

will get sick to assist individuals in making healthy changes. Insurance organizations are using 

predictive modeling to define high-risk customers. Business and governments are using analytics 

and data-driven decision-making trends. Higher Education (HE), a field that collects massive 

learner data, has used them with delays in on-time feedback (Siemens, & Long, 2011). If we wanted 

to correspond one-to-one the evolution of medicine and learning we could say that the autopsy 

corresponds the final assessment test, the check-up to the formative test and nowadays the real-

time health monitoring to the on-the-fly learner’s feedback and personalized support. Attempts to 

imagine the future of education emphasize new technologies - ubiquitous computing devices, and 

flexible, smart classroom. However, the most emerging factor is something that we cannot touch 

or see: big data analytics (Zhuhadar et al., 2013). Every button click, data entry, a social-network 

action is captured and may leave a digital trail (Siemens & Long, 2011), “increasing volume, 

variety, velocity and veracity of student data” (Prinsloo & Slade, 2017). This situation raised many 

innovative analytic tools and platforms based on advanced algorithmic techniques (e.g., clustering, 

neural networks, text mining, and statistics) to help students focus on their studies where they need 

it most and instructors adapt their teaching to support their needs. As universities move to increase 

student numbers, there will be increased pressure placed upon infrastructure, support resources, 

and academic workload. All this was the precursor to Learning Analytics (LA) (Carceller, Dawson, 

& Lockyer, 2013). 
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3.2 Definitions of Learning Analytics 

There are numerous definitions of Learning analytics, some of which are summarized below: 

● Learning Analytics is a digital-from-birth technology/discipline, at the intersection of 

technical analysis of data and the learning sciences, that provides the opportunity for 

reclaiming decades of educational research into valuable daily practice for students 

(Siemens & Long, 2011; Akhtar, Warburton, & Xu, 2017; Van Leeuwen, Janssen, Erkens, 

& Brekelmans, 2015).  

● Learning analytics is the analysis of electronic learning data which allows teachers and 

administrators of virtual learning environments (VLEs) to search for unobserved patterns 

of behavior in learning processes and then meaningfully interpret to actionable feedback 

(McCormick, 2013; Akhtar et al., 2017). 

● The Society for Learning Analytics Research (SoLAR) defines that “LA is the 

measurement, collection, real-time analysis and reporting of enormous volume of data 

about learners and their contexts and behaviors, for purposes of understanding and 

optimizing learning and the environments in which it occurs” (1st LAK 2011) (Liu et al., 

2017). 

● It is an engine that works in five steps: the capture of learning actions (sources, forms), 

report, predict (data mining, statistics), act, and refine. The LA tasks are a set of tools in a 

smart classroom (Aguilar et al., 2017) that establish indicators of teaching quality and 

student engagement (Lockyer, Heathcote, & Dawson, 2013; Zhuhadar et al., 2013).  

 

In other words, it is the educational application of big data analytic techniques making use of 

intelligent, learner-produced data, and analysis models to explore unobserved, meaningful patterns, 

underlying information (Agudo-Peregrina et al., 2014) and social connections. It is the algorithms 

that estimate what each learner does and does not understand (Lan, Waters, Studer, & Baraniuk, 

2013; Lonn, Aguilar, S.  & Teasley, 2015). Learning analytics make use of educational 

technologies, methods, models, techniques, algorithms, and concepts that translate large sets of 

educational data, through systematic measurements, into meaningful information (Softic et al., 

2014; Ifenthaler, & Widanapathirana, 2014; Gilliland, 2017).  Learning analytics, as an educational 

application, combines sophisticated technological techniques such as information retrieval, 

machine learning, data visualization techniques and statistical algorithms to uncover complex data, 

supporting teaching and learning in a smart classroom (Khousa, Atif, & Masud, 2015; Scalise & 

Wilson, 2011).  

Learning analytics benefits from both cognitive science & pedagogy, and Machine Learning (ML) 

& statistics (Vahdat, Oneto, Anguita, Funk, & Rauterberg, 2016). The above definitions note the 

need for meaningful interpretation of learning, complex data, and algorithms (Scalise & Wilson, 

2011). Learning analytics functions as a channel between educational data and learning 

(Hernández-García et al., 2015).  Learning analytics is an interdisciplinary field that uses concepts 

from the learning sciences, computer science, and educational psychology to encourage better 

pedagogic practices and provide benefits for the stakeholders - students, instructors, institutions. It 

is related to business, web, academic, action, and predictive analytics (Papamitsiou & Economides, 

2014) and asks informed action. Learning analytics support institutions in resource allocation, 

student success, and finance. These institutions are collecting data for analysis and predictions are 

made to set insights and actions (Leitner, Khalil, & Ebner, 2017). Analytics in education must be 

transformative, supporting teaching, learning, academic work, and administration (Siemens & 

Long, 2011). This Data-Driven Decision Making (DDDM) is the systematic collection, analysis, 
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and interpretation of data to inform practice and policy in educational settings based on objective 

data and not on subjective personal opinions, bias, and ideologies (Liu et al., 2017). LA offers a 

faster and more objective tool for data collection and management than traditional surveys and 

questionnaires (Prasad, Totaram, & Usagawa, 2016). It is an approach that combines principles of 

different computing areas (data and text mining, visual data analytics) with those of social sciences, 

pedagogy, and psychology (Aguilar, et al., 2017; Ali, Hatala, Gašević, & Jovanović, 2012). Big 

data provides new opportunities to support personalized learning based on data rather than rules. It 

is data-driven analytics that follows a cycle beginning from engaging students in learning, 

generation, and capture of data, processing of data into metrics, and interventions (Chou et al., 

2017). It emerges from two converging trends: the increasing use of VLEs in educational 

institutions, and the application of artificial intelligence (AI) and data mining (DM) techniques 

(Agudo-Peregrina et al., 2014). 

Ultimately the benefits are improving student performance, highlighting the students' problems, 

improving pedagogical strategies, and providing a high-quality, personalized experience for 

learners, informative feedback, teaching staff’s monitoring, and predict future performance 

(Aguilar et al., 2017; Liu, Lee, Kang, & Liu, 2016; Tempelaar, Rienties, & Giesbers, 2015; 

Carceller et al., 2013; Zhuhadar et al., 2013).  

3.3 Connection with EDM, Academic Analytics, & Teaching Analytics 

This section presents the synergy of LA with other related fields. Many of the same methodologies 

are met in both Educational Data Mining (EDM) and LA. Learning analytics focus on the human 

holistic interpretation of learning data and visualization. EDM has a greater focus on automated 

methods to extract information from massive sets of learning data, focusing more on the technical 

issues than on pedagogical questions, deconstructing the learning procedure to sections to explain 

it (Ferguson, 2012; Kennedy, Ioannou, Zhou, Bailey, & O’Leary, 2013). Researchers have 

identified EDM as a method for building student models, and with LA have developed insights into 

the effects of pedagogical support on learner achievement (Romero & Ventura 2010; Siemens & 

Baker 2012; Akhtar, et al., 2017). LA and EDM communities constitute an ecosystem of methods 

and techniques, sharing similar aims and focus where learning science and data-driven analytics 

intersect (Papamitsiou & Economides, 2016). LA and EDM fields are studied together in the 

following papers: (Agudo-Peregrina et al., 2014; Akhtar et al., 2017; Kim, Park, Yoon, & Jo, 2016; 

Rowe et al. 2017; Serrano-Laguna et al., 2014; Vahdat et al., 2016; Volk, Kellner, & Wohlhart, 

2015; Xie, Zhang, Nourian, Pallant, & Hazzard, 2014; Xing, Guo, Petakovic, & Goggins, 2015). 

LA is more specific than Academic Analytics (ΑΑ). Academic analytics faces data analysis at an 

institutional or national level, while LA focuses on the learner process, course or faculty level and 

the relationship between them (Olmos & Corrin, 2012) but they have a thematic overlap (Siemens 

& Long, 2011). LA has been defined as the collection and analysis of data in education settings to 

inform decision making and improve learning and teaching, while AA is the process used by HE 

institutions to support operational and financial decision making (Lawson, Beer, Rossi, Moore, & 

Fleming, 2016). Academic analytics is the improvement of organizational processes and resource 

allocation, through the exploitation of learner, academic, and institutional data (Kennedy et al., 

2013; Akhtar et al., 2017), making human resources and infrastructure decisions. AA provides data-

driven decision support related to the Business Intelligence of the educational institution, 

supporting performance and regulatory accountability, self-evaluation, autonomy, and 

improvement; and finally, there is a shift from an institutional perspective to the personalized 

concerns of learners and teachers (Pham & Klamma, 2013).  

Teaching analytics (TA) requires educational data literacy from instructors to analyze the lesson 

plans to improve them. Educational data literacy, that is the data location, comprehension, and  

interpretation, empowers instructional decision making. It is the ability to accurately observe, 
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analyze and respond to a variety of different kinds of data for continuously improving teaching and 

learning in the classroom and school. Learning design establishes the objectives and pedagogical 

plans, which can then be evaluated against the outcomes captured through LA. They explore how 

learning design might provide the framework for interpreting LA results and apply the concept to 

a sample learning design. LA offers a method of analyzing information on how learners are 

interacting with learning resources, each other, and their teachers (Rodríguez-Triana et al., 2015; 

Lockyer et al., 2013; Goggins, Galyen, Petakovic, & Laffey, 2016), achieving self-reflection and 

feedback.  

3.4 Recent Projects involving Learning Analytics and MOOCs 

This section reviews recent projects and developments related to learning analytics support on 

MOOC platforms. In general, current MOOC platforms provide a certain level of support on 

learning analytics information where instructors can review aggregated information, but more fine-

tuned information is not available. The solution provided for these MOOC platforms is to make 

available an export feature so that the learning activity log files can be generated for external 

processing. Based on this information, many specific approaches have been designed to analyze 

the different key elements of a MOOC. (Bañeres, Caballé & Clarisó, 2016).  

ALAS-KA (Ruipérez-Valiente, Muñoz-Merino, Leony, & Kloos, 2015) is an extension for Khan 

Academy platform. Although Khan Academy has a powerful learning analytics module with 

different visualization for learners and instructors, they are basically a direct representation of the 

events stored in the data mart but without any further processing. This extension processes this 

information to infer more valuable information related to the utilization of the platform, learning 

progress, timeline distribution, gamification habits, exercise solving and sentiment analysis (Figure 

10).  

 

Figure 10. Sentiment analysis report based on the mood of the learner (Ruipérez-Valiente at al., 

2015). 

Similarly, there are several initiatives for the edX platform (2018). The interest for this platform is 

due to the existence of an open source version OpenEdx (2018). Ongoing projects, such as edX 
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Analytics Service (2018), edX Insights (2018) or edX Analytics API Client (2018) are currently 

developed and publicly available in GitHub repository. The edX Insights is one of the most relevant 

projects based on processing the log files on the platform. The system works independently of the 

OpenEdx platform using an ETL (extract-transform-load) pipeline and an intermediate database to 

process and aggregate information on the learning process, such as student engagement (Figure 

11). edX Analytics API Client is another project the edX team is working on. It aims at retrieving 

data directly from the edX data warehouse. Additional learning analytics extensions of edX have 

been proposed by Ruiz et al., (2014), providing information about progress and timeline 

distribution per assignment or student. 

 

Figure 11. Student Engagement report on edX Insights (2018). 

Other developments in support for learning analytics for MOOCs have been performed, such as 

moocRP (Pardos & Kao, 2015), which is an open-source platform concerned with providing 

privacy, big data, surveillance and ethical issues. Bayesian network prior-knowledge analysis and 

course structure content relationship are the most distinctive visualizations of moocRP compared 

with other platforms. Similar efforts have been developed for Moodle, such as a temporal tag cloud 

extension (García-Peñalvo, Conde, Bravo, S., Gómez & Therón, 2011), which promotes the 

analysis of the most important concepts discussed in the course and is merged with individual 

timeline to show the progression over time (Figure 12). 

 

Figure 12. Temporal tag cloud visualization (García-Peñalvo et al., 2011). 

Coursera MOOC platform (2018) has also different initiatives to improve visualizations. In this 

case, extensions for the platforms cannot be directly developed since Coursera is a private platform 

with no open community version. As a result, different partner institutions have developed their 

own analytical tools to analyze their courses in Coursera. The University of Melbourne designed 

an analytical tool (Coffrin, Corrin, De Barba & Kennedy, 2014) that offered more detailed 

information about student retention and plots based on state transition graphs used as a timeline 

visualization to analyze student transition from different learning resources of the course and 
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among assessment assignments (Figure 13). Similarly, the University of Maryland designed an 

analytical system (Goldwasser, Bederson & Lin, 2014) to analyze the correlation between learning 

resources used, forum participation, quizzes performed, and the grades obtained in the assessment 

activities. These correlations help to conclude how both learning resources and participation impact 

student performance.  

 

Figure 13.  State transition graph report for assessment activities (Coffrin et al., 2014). 

Related to discussion forum utilization, authors (Parod, 2014) developed a set of visualization tools 

(dashboard) produced by processing the log files of the platform in order to analyze the forum 

interaction on Coursera. Topic analysis (Figure 14), sentiment analysis, geo-location, heat-map, 

word-graph are the main features. This set of visualization tools may help to analyze the interaction 

among learners and the topics discussed within the forum.  

 

Figure 14.  Discussion posts relationship report by topic (Parod, 2014). 
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Other developments on Coursera focus on analyzing the content of the forum. Using natural 

language processing (NLP) techniques (Ferguson, Wei, He, & Buckingham-Shum, 2013) the 

dialogue produced in the discussion forum is explored and analyzed. As a result, unnecessary 

dialogue for learning is discarded, and the technique is able to analyze the exploratory dialogue 

commonly associated with the construction of knowledge. The output is summarized in different 

charts, such as timeline progression and individual contributions to the creation of knowledge 

(Figure 15). Similarly, sentiment analysis is analyzed in Wen, Yang and Rose (2014) to classify 

learners based on the emotional state. This information may serve as a satisfaction indicator. A 

different analysis (Ramesh, Goldwasser, Huang, Daume, & Getoor, 2014) is performed to predict 

student survival. This analysis using other models also based on NLP techniques can predict 

whether the learner will finish the course from the comments posted in the forum. Finally, an 

analysis and visualization tools proposed by Ezen-Can, Boyer, Kellogg, & Booth (2015) focused 

on classifying the posts depending on the post’s intention (question, reflection, reference, 

statement, feedback, etc.).  

 

Figure 15. Timeline report of exploratory dialogue (Ferguson et al., 2013). 

Video analysis is an important key factor in MOOC courses. Most of the learning resources are 

based on video content and the instructors need to analyze the impact of these resources on the 

learning progress. Some empirical studies (Guo, Kim, & Rubin, 2014) showed how video 

production decisions affect student engagement, which can be adapted for creating real-time 

visualization charts by adding metadata information on videos description. To this end, video 

playing and interaction of the learner with the resources is analyzed from peaks of clickstreams. 

Representative examples are PeakVizor (Chen et al, 2015), which focuses on the utilization of 

glyph design to easily provide overview information of all peaks produced on a resource. Overview 

chart, timeline distribution and correlation between learners and peaks are the main features of the 

tool (Figure 15). In contrast, VisMOOC (Shi, Fu, Chen, & Qu, 2015) focuses on providing more 

aggregated information related to events of the learner. Histogram, geo-location, timeline view of 

popularity or individual/global event-graph on video playback are the main contributions of the 

tool (Figures 16 and 17). 
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Figure 16.  Individual event-graph visualization in VisMOOC (Shi et al., 2015). 

 

Figure 17. Peakvizor dashboard for individual video resource (Chen et al., 2015), 

While all these contributions take into account information provided within the MOOC platforms, 

there is little support for complementing the information from external learning activity generated 

from additional tools, such as ITS systems, formative assessment tools and other external tools. 

Therefore, analytical systems connection to ITS data utilization and MOOC platform data 

warehouse are required to fill this gap. This is a critical concern on current and future MOOC 

courses which intend to use new ways of learning and assessment not covered for generic learning 

and assessment tools provided on current MOOC platforms (Bañeres et al., 2016).  

One recent development to overcome these limitations is the ICT-FLAG platform (Gañán, Caballé, 

Clarisó, Conesa, & Bañeres, 2017), which is an analytical system providing learning analytics 

services to MOOC-based ITS platforms. The ICT-FLAG platform can support a wide range of ITS 

and eLearning tools, including MOOC platforms, by means of a modular architecture that supports 

customization, distribution and extensibility of its components. The integration of the ICT-FLAG 

with MOOC platforms is straightforward since exportation features are supported by most of the 

MOOC providers, such as edX (2018), to automatically extract generic information of courses 

learning progression. ETL pipelines can then be particularly developed to transform the custom 

data mart models to the ICT-FLAG model. With this integration, ICT-FLAG is able to combine 

data activity of MOOC platform with ITS interactions (Figure 18). 
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Figure 18. ICT-FLAG platform architecture (Gañán et al., 2017). 

The learning analytics component of the ICT-FLAG platform aims to process and store all the data 

that external tools send to the platform about learning activities and assignments in order to extract 

new knowledge from it. The input data is stored into specific entities of the component and is 

combined with other entities of the system, such as the student who performs the action, the type 

of action, the activity and so on. From this data the component generates reports and present 

information in dashboards about the learning progress, including information on how students use 

the ITS tools and provide instructors with useful information for monitoring and predicting student 

performance, such as number/percentage of activities submitted and their outcomes, number of 

attempts needed to solve an activity correctly and amount of time devoted to an activity (Figure 

19).  
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Figure 19. Student’s view of a ICT-FLAG report on learning performance (Gañán et al., 2017). 

3.5 Related Reviews 

In this subsection, we summarize previous LA systematic reviews:   

In a systematic literature review by Avella, Kebritchi, Nunn and Kanai (2016), the authors describe 

an overview of methods (visual data analysis, social network analysis, semantic analysis, and 

educational data mining e.g., prediction, clustering, relationship mining), benefits (targeted course 

offerings, personalized learning, improved instructor effectiveness), and challenges of using LA in 

Higher Education (lack of connection to learning sciences, data quality, ethical and privacy issues). 

They argue that LA uses methods and analysis techniques from other areas and they recommend 

exploring the use of advanced types of data sets from biometrics, learner moods, and mobile apps. 

The systematic review study by Kilis and Gülbahar (2016) has shown that research focuses on log 

data stored in the background of e-learning platforms and proposes the analysis techniques to be 

more sophisticated embedding network and sentiment analysis. Understanding the deeper learning 

processes is more than analyzing just user clicks and trying to interpret them. Learning process 

includes students’ efforts and performances as well as their psychological, behavioral, and 

emotional states.  

In a meta-analysis study by Khalil & Ebner (2016), the authors examine publications from LAK 

conferences from 2013 to 2015 and describe a survey of different methods (data mining, statistics, 

visualization, social network analysis, gamification), supporting that is emerging for LA to define 

its own research methods, objectives, and challenges. 

A review by Papamitsiou & Economides (2016) investigates the LA/EDM effect of adaptive 

learning. An overview of empirical evidence with 40 experimental case studies in the time slot 
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2008-2013 with non-statistical methods is conducted. According to this study, the most popular 

data mining method is classification, then clustering, and regression. The goals of the field are 

behavior modeling, prediction, and self-reflection. The review highlights four significant areas of 

the LA empirical research including pedagogy-oriented issues, contextualization of learning, 

networked learning, and educational resources handling. Finally, other emerging research 

technologies are discussed: Game-based education, mobile, and ubiquitous learning. 

A systematic review (Shahiri, Husain, & Rashid, 2015) of 39 empirical studies on predictive LA 

presents preliminary results. The authors searched for papers which tested their predictability on 

empirical data and published between 2002 and 2016. The goal is to find out what methodologies 

work for what circumstances. The review classified categories of feature types: demographics, 

student history, learning-behavior and self-reported features which have significant overlaps. The 

authors discuss that the most popular algorithms are Decision Trees, Neural Networks, Clustering-

based classification, Rule-based algorithms and Naïve Bayes. 

3.6 Research Questions (RQ) 

Empirical evidence is necessary for theoretical models and frameworks to have acceptance of LA 

technology in the scientific, academic, and industry community. Although the previously 

mentioned projects and reviews provide many insights into using LA, including within MOOCs, a 

search of relevant literature did not extract any large-scale review of the empirical evidence, and 

this was our motivation. Our viewpoint and contribution are to highlight and fill this research gap. 

This work exhaustively studied, filtered and compared the selected articles, and extracted research 

questions and results. The following meaningful to practitioners and researchers RQs guide this 

review to lead to changes or increased confidence of the domain: 

• First main RQ: What essential in LA? For whom and why is each aspect essential? 

• Second main RQ: What are the techniques for implementing LA efficiently? 

• Third main RQ: Who is leading LA research and which are the challenges and trends? 

3.7 Method of this Review 

Research design/protocol: For this systematic literature review, extended and fair research of the 

literature on LA was conducted from January 2017 to February 2018 to understand and document 

the current trends in the LA domain. List 1 contains the literature context we searched. We applied 

the following selection filters/criteria: The search term used was: “Learning Analytics” and was 

performed mainly in the titles, abstract and author keywords of the candidate articles. Searches 

were limited to articles published from 2011 to June 2017 – a six-year time frame - in leading 

journals (excluding conferences) in English. 

Paper selection process: After systematically searching the above sources, a group of 420 articles 

initially passed the criteria, aiming to detect as much of the relevant literature as possible. After 

studying/reviewing their abstracts and conclusions exhaustively, excluding duplicates and 

conference proceedings, we finally selected without bias 140 papers which cover critical principles 

for LA. The selected group of 140 empirical articles was one-by-one thoroughly read, studied, and 

analyzed. These data-based real case studies with real data (exploratory, descriptive, explanatory, 

and experimental) investigate the LA domain in depth and its natural context. 

The remaining articles were excluded from this review because they could not be used to answer 

the questions and the quality of the study (e.g., articles that do not present empirical data, duplicates 

studies, and conference proceedings). Only primary research articles which were directly related 

and provided substantial information for LA evidence were included. List 1 and Figure 20 below 

illustrate our selection process. Spreadsheets were used to organize and analyze our data (we used 
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non-statistical methods) and findings summarizing/profiling the papers to create clusters that will 

lead to major dimensions of the LA space. According to our research questions, the following 

information/column tags initially extracted from each article: 

● Grade level of education (primary, secondary, higher) 

● Target course 

● Predictors/independent variables (e.g. LMS use) 

● Key factors/dependent variables (e.g. engagement) 

● LA technique/methodology/data analysis (e.g.visualization, data mining) 

● LA tools 

● Type of intervention 

● Stakeholders 

● Classification of the study type 

● Journal of publication 

● Year of publication 

 

List 1. Sources of the research. 

Databases: 

IEEE Xplore Digital Library, Elsevier Digital Library through Scopus search engine, 

ScienceDirect, Wiley InterScience, Oxford University Press Digital Library, ACM digital library, 

and Springer. 

 

Journal name and number of studies in descending order (RQ3):  

Computers in Human Behavior (19), Computers & Education (6), Interactive Learning 

Environments (5), Technology, Knowledge and Learning (5), IEEE Transactions on Learning 

Technologies (5), International Journal of Distance Education Technologies (5), Journal of 

Universal Computer Science (4), Internet and Higher Education (4), Interactive Learning 

Environments (4), British Journal of Educational Technology (3), IEEE Revista Iberoamericana de 

Tecnologías del Aprendizaje (3), Bulletin of the IEEE Technical Committee on Learning 

Technology (3), Educational Technology & Society (3), International Journal of Technology 

Enhanced Learning (3), Smart Learning Environments (3), International Journal of Distance 

Education Technologies (2), International Journal of Intelligent Systems (2), Journal of Computer 

Assisted learning (2), Open Learning  (2), Online Learning (2), Computers & Higher Education 

(2), Wiley Periodicals, Inc. Comput Applied Engineering Education (2), Education Information 

Technology (2), Association for Educational Communications and Technology (1), Journal of 

Neurocomputing (1), Journal of e-Learning and Knowledge Society (1), Journal of 

Supercomputing (1), International Journal of Web Information Systems (1), EJISDC-The 

Electronic Journal of Information Systems in Developing Countries (1), Computer Science & 

Information Systems (1), Electronic Journal of Elearning (1), International Journal of Game-based 

learning (1), Education Tech Research Dev (1), International Association of Medical Science 

Educators (1), Journal of Computational Science (1), Telematics and Informatics (1), Worldviews 

on Evidence-Based Nursing (1), Future Generation Computer Systems (1), Journal of 

Asynchronous Learning Network (1), American Behavioral Scientist (1), Australasian Journal of 

Educational Technology (1), International Journal of Technology Enhanced Learning (1), Journal 

of Machine Learning Research (1), Media Education Research Journal (1), Culture and Education 

(1), International Journal of Engineering Education (1), Entertainment Computing (1), Computer 

Science Education (1), International Review of Research in Open and Distributed Learning (1), 
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Journal of Information Technology Education: Research (1), International Journal Computer-

Supported Collaborative Learning (1), International Journal of Emerging Technologies in Learning 

(1), Research in Learning Technology (1), International Journal of Technology (1), Policy and 

Management (1),  IEEE Transactions on Emerging Topics in Computing (1).   

 

Figure 20. Our selection process 

   

3.8 Data Gathering - Object of Analysis (RQ1) 

Educational data capture, collection and organization (where and how) are the preparatory 

consideration for LA. This can include any useful information about students, institutes, and 

instructors derived from qualitative and quantitative methods of analysis. Passive data is collected 

using advanced tools that require no input from learners (Akhtar et al., 2017). Higher Education 

Institutions (HEI)s have traditionally collected active data, but this is often more useful for AA. 

Dynamic student data is behavior, engagement, interaction and assessment (Hsiao & Lin, 2017), 

and it can be characterized as an index of learners' performance. Data are extracted from e-

assessment activities, file log, personal information, social learning apps, Virtual Learning 

Environments (VLEs), Student Information Systems (SIS) and Personal Learning Environments 

(PLEs). Learning Management Systems (LMS) data is a meaningful source of experimental on-

time data for LA research. 

Moreover, data (databases, files) that exist within an institution could be used for analysis, but 

sophisticated analysis requires current data (LMS, serious games, simulations, mobile apps, etc.). 

These traces at different scales (Conde, García-Penalvo, Gomez-Aguilar, & Theron, 2015) link 

actors of learning and learner data (e.g., learners, instructors, instructional assistants) and artifacts 

(e.g., videos, tests, web pages, lesson, quiz, social interaction) with interaction behaviors (e.g., 

watching, answering) (Ali, Asadi, Gašević, Jovanović, & Hatala, 2013). In some cases (Ifenthaler 

& Schumacher, 2016), students are conservative in providing data for LA purposes. Big data offers 

broad scale applicability while not so big data small-scale practices (Blikstein et al., 2014). Big 

data does not equal significant signal, so we have to ensure a good signal-to-noise ratio selecting 

the meaningful parameters/types of data. There is a need for new advanced types of datasets. A 

challenge is data preprocessing to ensure the quality of data and extract meaningful metrics for 

analysis. 

As a first step, the studies have been categorized in order to see distribution according to multiple 

factors including year of publication, target audience, domain and focus.  

We note that LA research community is focusing on LA year by year (see distribution in table 2 

below) – a considerable increase in the number of published articles. A brief history of LA research 

can be derived from the distribution of focus throughout these years and is presented in table 3. 

Most of the selected studies came from Spain or the United States; however, studies from Australia, 

Asia and the rest of Europe were included as well (see table 4).  
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Table 2. The number of selected studies per year of publication (year-by-year differences) 

 

Year 2011 2012 2013 2014 2015 2016 2017 

 (un

til June) 

# studies 1 4 13 24 23 30 26 

 

 

Table 3. Timeline history of Learning Analytics 

Generation of LA Important points Time-slot 

Pre-LA based Education One-size-fits-all learning, based on binary decisions. -2011 

The first generation of LA-

based Education 

Personalized, adaptive diagnosis, support & feedback. 

LMS centric approach. 

-2013 

The second generation of LA Instructional interventions, behavior change, what should 

learners do 

-2017 

Next generation of LA Ubiquitous, holistic, pedagogic, trusted LA with 

sophisticated, interdisciplinary, plug and play LA 

products, based on new advanced types of datasets (e.g., 

emotional); learning meta-analytics; Integration with 

Conversational Agents; From processing to 

understanding. 

2017+ 

 

 

Table 4. The number of selected studies per country  

Country # articles 

  1. Spain 30 

2. USA 21 

3. Australia 9 

4. Netherlands 8 

5. Taiwan 6 
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6. China 5 

7. Austria 4 

8. South Korea 4 

9. Greece 3 

10. Canada 3 

11. UK 3 

 

As seen in table 5, computer science (n = 31), business analytics (n = 12), and mathematics (n = 

11) were the most dominant subjects. The findings also showed several studies investigated 

multiple topics.  

 

Table 5. Clustering table for subject distribution (a study often investigated more than one 

course) 

LA on the target course # of primary studies Percentage of total (%) 

Computer Science / Programming 31 28,97 

Business Analytics / Accounting / Economics 12 11,21 

Mathematics 11 10,28 

Pedagogy / Education / Literature / Psychology 10 9,34 

Medical / Health 9 8,41 

(Second) language learning 7 6,54 

Engineering 5 4,67 

Biology / Biotechnology 4 3,73 

Physics / Chemistry / Environmental Sciences 4 3,73 

STEM 2 1,86 

Other 12 11,21 

 

 

The findings showed that the majority of LA research studied participants from Higher Education 

(HE) (n = 96, see Table 6). This may be because HE students are more accessible to researchers. 

Other studies investigated participants from secondary school (n = 18). 
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Table 6. LA on target audience 

 

Grade level of education # of articles 

University (undergraduate) 96 

Secondary 18 

Master/postgraduate 10 

MOOC 8 

Open/online university 8 

Primary 2 

Summer studies 2 

 

 

The metrics used to gather LA in online education also vary greatly and have been therefore 

categorized and presented in table 7. The most common metrics are interaction type and use of 

serious games (engagement), followed by assessments and low-level data activity such as login 

frequency.  

Table 7. Metrics in LA experiments 

The object of analysis – predictors # of articles 

Interaction type 15 

Use of serious games (engagement) 15 

Click-stream behavior (login frequency) / low-level data activity 11 

Assessments 13 
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SNA parameters 7 

Demographics / student characteristics 6 

Forum use 6 

Video-based 5 

Teacher guidance (intervention/feedback type) 4 

Behavioral indicators 4 

Quiz activity 3 

Wiki metrics 2 

 

LA interoperability has been identified as a critical element in promoting and studying the use of 

LA. Although no widely adopted standards for LA exist, some efforts gain more-and-more 

acceptance and compete with each other in the area of LA. These standards aim in making the LA 

sharing interoperable across every system (e.g., MOOC or LMS) that stores or analyses data about 

a learner whether he/she is in a co-operative environment or not. The most difficult challenges with 

achieving interoperability are typically found in establishing common meanings to the data. Based 

on Cooper (2014), analytics interoperability benefits include: 

Efficiency and timeliness: Interoperability means that systems work without the need for a person 

to intervene to re-enter, re-format, or transform data. 

Independence from consequential disruption: This results in systems’ resilience. “An interface that 

is designed to be interoperable – conforming to specified data structures and access methods and 

de-coupled from the operational database scheme - should be a much more dependable data source” 

(p. 2). 

Adaptability: This is particularly relevant for LA, where the methods are not yet mature, the 

institutions that are adopting LA are undergoing rapid change, and the people who are the ultimate 

users do not however fully understand the potential. 

Innovation and market growth: This is closely related to adaptability, as its supply-side 

counterpart. Interoperability enables the development and viability of a category of LA tools that 

can work across diverse local system choices. 

Durability of data: This has been the concern of archive managers and neglected by others. 

“Historical data is valuable for LA, but simply preserving it as it is created in operational systems 

is often unsatisfactory because structures and formats change over time, and the changes are rarely 

properly documented” (p. 2). 
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Aggregation of data from multiple sources: data which “may be both internal and external to an 

organisation is a key driver of value in analytics. Interoperability eases aggregation most 

immediately through the easing of access to the data but the real advantages arise from merging or 

joining datasets, which implies the use of common definitions across several IT systems” (p. 3). 

Sharing data: This is especially important when there are multiple parties involved. Then, data “is 

more tractable if a common language that does not favour any single organisation can be agreed 

upon” (p.3). 

The LA standards that are more widespread and used are briefly outlined here. For more 

information, there are relevant EU initiatives and projects like LACE (http://www.laceproject.eu/).  

Cooper (2014) mentions that: 

“particular attention is given to interoperability that is based on open, rather than 

proprietary, standards and specifications. This is because open standards maximise 

the previously mentioned benefits. When it comes to data for analysis, there are 

numerous existing specifications and standards that contribute elements of 

interoperability. Although LA will often rely on data that is specific to the education 

and training domain, it will also often be possible to use generic data such as the 

web page access and interaction events used in web analytics. The scale of use of 

these generic techniques makes them candidates for adoption, or adaption, for LA 

because of the good supply of tools and expertise. 

In the world of web analytics, Google Analytics is dominant. It is, of course, an 

entirely proprietary system but, since it relies on the interoperability of JavaScript, 

in particular, its users realise a number of the benefits outlined in the previous 

section. Although few, if any, educational establishments would consider tracking 

learner-level activity with such a service because of a duty of care for personal data, 

it may be useful for analysis focused on websites and content use. The Open Source 

Software alternative Piwik [nowadays Matomo https://matomo.org/] gives its users 

more control over the captured data but it is currently less fine-grained in what it can 

track, and it is still essentially a proprietary approach to data collection and access. 

Web analytics tools do not, however, cover all of the information that it would be 

useful to exchange: about people, their activities, the various contexts in which these 

take place, learning resources, and the relationships between them all. Besides, 

whereas specifications such as PMML [Predictive Model Markup Language] have 

arisen from many years of application, the same is not true for data for learning 

analytics. Even those cases where an interoperability specification has been used for 

several years, the use has not usually been for analytics” (Cooper, 2014, pp. 5-6).  

 

The same author adds that:  

“two existing interoperability specifications have been chosen to illustrate different 

strategies within the learning, education, and training domain; they take different 

approaches to the split between domain-specific and high-level concepts. Both 

specifications relate closely to the centrally-important data about learner activity, 

and both have been conceived with LA use cases. The two specs are the eXperience 

API and IMS Caliper” (Cooper, 2014, p. 6).  

 

The eXperience API (xAPI), as Cooper (2014) proceeds,  

https://matomo.org/
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“has had a wave of interest and implementation since its conception in 2010. The 

xAPI is based on the idea of tracking activity, and it is based on Activity Streams, 

which was developed to provide a better way of expressing social media activity that 

existed before. It provides a framework for making statements of the kind “someone 

does an action to/with something”. The xAPI has been used for social learning 

platforms, and increasingly it is exciting interest as a means of capturing data for LA, 

although this is not yet well established in practice. The xAPI only defines the 

statement pattern and how statements are stored and retrieved; it does not specify, 

for example, what all the verbs are that might be used in practice. That means xAPI 

is not concerned with the semantics of the actions of learners upon learning material. 

This is both an advantage and a difficulty. The advantage lies in being open to a wide 

range of uses and, since LA is relatively new outside the research context, we should 

expect the range of uses to increase considerably over the next few years. The 

disadvantage is that adopters need to define these missing parts” (pp. 6-7).  

 

According to IMS Global (n.d),  

“Caliper Analytics is a new interoperability specification for educational 

clickstream analytics created by the IMS Global Learning Consortium for the 

education community. Major educational suppliers are using Caliper to collect 

millions of events every week, and the data is helping to shape teaching and learning 

on multiple levels. Several leading institutions are also working on putting Caliper 

in place. IMS Caliper Analytics provides more than a specification. Caliper also 

provides open source code and APIs to enable rapid implementation of the standard. 

The Caliper standard: 

● Establishes a means for consistently capturing and presenting measures of 

learning activity, which will enable more efficient development of LA features  

● Defines a common language for labelling learning data, which will set the 

stage for an ecosystem of higher-order applications of LA 

● Provides a standard way of measuring learning activities and effectiveness, 

which will enable designers and providers of curriculum to measure, compare and 

improve quality 

● Leverages data science methods, standards, and technologies 

● Builds upon existing IMS standards 

● Direct access to the LMS captured events as they occur 

● Support for real-time messaging intervention use cases 

● Support for supplier-specific metric profiles”  

  

Caliper and xAPI are both emerging specifications which are very useful for the LA 

interoperability. Rather than competing and duplicating functionality, they should be aligned in 

layers. One should provide the syntax for tracking learner activities and the other semantics of those 

activities. However, in the LA area, it can be stated that no common, widely adopted, and an 

interoperable standard solution exists, and most electronic platforms use their models to deal with 

analytic data of learners.  
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4 Data Processing - Type of Technology (RQ2) 

In this section, we aim to investigate and analyze the processing that can be carried out, e.g., data 

mining, aggregation, clustering, for the LA parts. Data processing techniques-methods are 

concerned mainly with the backend of LA. Input data do not make sense without processing. What 

analytical methods have been used and what other new techniques can be applied? Table 8 shows 

the distribution of methods within the selected articles.  

Table 8. Classification of articles according to the analysis method 

LA technique - data analysis method # of articles 

Statistics (descriptive, logistic regression analysis, ANOVA, correlation analysis, 

Factor analysis, Sequential, Temporal time-series) 53 

Visualization 41 

SNA 27 

Text mining / NLP / discourse-semantic analysis 25 

ML (Clustering (9), Support Vector Machines (3), Artificial Neural Networks (2), 

Decision Trees (1)) 21 

Data mining (association rules, subgroup discovery) 6 

 

The most prevalent topic is statistics, visualization is the second most frequent category and then 

SNA. 

Data visualisation has the aim to identify and display the information that can be drawn from an 

LA system, e.g., learners’ engagement, social networks, drop-outs from a MOOC course, 

behavioural interactions and group collaborations, among others. Data visualization is a tool for 

tracking students’ learning progress and presenting students’ knowledge understanding. The 

presentation of information has been gaining attention across several disciplines, including visual 

analytics. Depending on the focus and extent of computer-support, and according to relevant 

literature (Soller, Martínez, Jermann, & Muehlenbrock, 2005), we identify three kinds of 

modes/tools that analyse and present interaction data (e.g., data among peers, peer-to-teacher, peer-

to-system, peer-to-material) and visualize them either in textual or graphical formats: 

● Mirroring tools (descriptive analytics): automatically collect and aggregate data about the 

students’ activity, and reflect this information back to the user (diagnosis reports) with 

some visualization. Focus of processing thus remains in the hand of learners or teachers. 
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● Metacognitive tools display information about what the desired interaction might look like 

alongside a visualization of the current state of indicators, i.e. offer some additional insight 

to both learners and teachers. 

● Guiding tools (prescriptive analytics) with recommendations, scaffolding and scheduling: 

perform all the phases in the collaboration management process and directly propose 

remedial actions to the learners. Details of the current state of interaction and the desired 

model may remain hidden. 

 

The actual work of data visualization-presentation consists of: 

● Delivering data visualizations effectively for each audience member depending on their 

role, tasks, locations, and access to technology 

● Defining essential meaning through data visualization that is needed by each audience 

member in each context 

● Determining the required periodicity of data updates (e.g., real-time) 

● Determining the right timing for data presentation (when and how often the user needs to 

see the data) 

● Finding the right data (subject area, historical reach, breadth, level of detail) 

● Utilizing appropriate analysis, data aggregation and clustering, grouping, visualization, and 

other presentation formats. 

 

The last point of the above list is essential, especially when attempting to present data in either 

abstracted and aggregated visual formats or lexical, transforming visualizations from simple 

mirroring towards meta-cognitive and guiding tools. 

 

Characteristics of Machine Learning 

● Machine learning (ML) methods take a set of instances, a set of attributes, and a set of 

classifications and builds a model that can be used to predict new classifications for further 

cases with similar characteristics.  

● ML interprets objectively big data instead of humans using supervised (regression, 

classification) or unsupervised models (clustering, association).  

● ML can offer new concepts in the area of Human Learning (HL), LA and Cognitive Science 

resulting better personalization for students.  

● ML using the following methods for analysis: subgroup discovery, Bayesian Network 

Knowledge, Anova, Naïve Bayes Classifier, Artificial Neural Networks, Pearson’s 

Correlation test, Support Vector Machines, Text analysis/mining, Regular Expressions, 

intelligent agents. 

4.1 Types of LA 

Considering data processing we identify the following categories of LA: 

● Serious Games/gamification strategies (SG) is an effective medium for knowledge 

transfer, holding participants attention by creating an impression of fun in learning 

(Minović, Milovanović, Šošević, & Conde González, 2015). Game Analytics uses a set of 
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methods used by the game development industry to understand how users play their games 

and improve the gameplay experience (Serrano-Laguna et al., 2014), generating motivation 

for the learners.  

● Knowledge is the result of an interactive process between the learners and their 

environment. Social LA (SLA) is a subset of LA, which emphasizes the social perspective 

of learning. SLA monitors new skills, types of relationships, and concepts that are 

developed through collaboration (Kotsiantis, Tselios, Filippidi, & Komis, 2013; Hsiao & 

Lin, 2017; Conde et al., 2015). 

● Content analytics: Heterogeneous algorithms and techniques that organize learning 

content such as text, multimedia, simulations, questions, and feedback hints, retrieving 

meaningful evidence (Lan et al, 2013).  

● Visual LA can turn complex educational data into relevant and useful learning information. 

Visualization techniques could support teachers without dealing with unstructured volumes 

of interaction data (Ott, Robins, Haden, & Shephard, 2015).   

● Ubiquitous LA (ULA), uses ubiquitous technologies such as mobile devices, Internet of 

Things (IoT), QR codes and wireless networks, GPS sensors, and GIS. Sensor analytics is 

the statistical analysis of data that is produced by sensors (Mouri & Ogata, 2015).  

● The flipped classroom is a technique in which traditional learning activities are reversed. 

Instead of teaching basic content in class and then encouraging students to study review, 

the instructor proposes introductory materials before class so that class time can be used 

with more advanced activities. To know if students are preparing by viewing assignments, 

LA can be a useful tool. Teachers that are having LA support give them confidence in 

spending more time on advanced topics (Gilliland, 2017). 

  

4.2 Tools for LA 

As previously stated, because no commonly agreed upon standard exist in LA, custom tools emerge 

in this area. The first tool, called the Concept Trail (CT) (Van Leeuwen et al., 2015), is a timeline 

that displays the topics that groups are discussing in the chat window. The CT marks the occurrence 

of a predefined set of task-related concepts and their synonyms by putting dots on the timeline. The 

second teacher supporting tool is the availability of Progress Statistics (PS), which informs teachers 

of the progress of each group concerning the number of written words in the text editor and the chat 

tool. Teacher regulation of CSCL is a demanding task. Multiple collaborating groups perform 

numerous activities, which makes continuous diagnosis a task that could create high cognitive load. 

The PS examines whether teacher supporting tools could assist teachers by visualizing analyses of 

students' cognitive activities. LOCO-Analyst (Ali, et al., 2012; Ali et al., 2013) is an LA tool that 

provides educators with feedback on the learning process taking place in a web-based learning 

environment and thus helps them improve the content and the structure of their web-based courses. 

An innovative semantic visual analytics system, EduAnalysis (Hsiao & Lin, 2017), analyzes the 

content and indexes it to a set of concepts based on the ontology. EduAnalysis implements an 

automatic indexing algorithm and interactive visualization interfaces to establish the ideas and 

exam questions semantic associations. SoftLearn (Ramos-Soto, Vazquez-Barreiros, Bugarín, 

Gewerc, & Barro, 2017) is an assessment platform that operates as one of the LA services of a big 

data-based architecture specifically designed to capture, store, and make available, in real time, the 

massive amounts of data generated by the students of a course. The Cloud-AWAS (Bendaly Hlaoui, 

Hajjej, & Jemni Ben Ayed, 2016) system adapts the e-assessment process for each learner based 
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on its behavior data. It is integrated into LMSs, such as Moodle and LAMS. The LAD (Park & Jo, 

2015), a supporting tool works by tracking students’ log-files, mining massive amounts of data to 

find meaning, and visualizing the results so they can be comprehended. The outlook of LAD 

includes visual elements such as charts, graphs, indicators and alert mechanisms focused on mining 

the raw data and converting it to meaningful variables, especially those that are related to students’ 

self-regulatory ability. ALAS-KA (Bendaly et al, 2016), a visual analytics module extends the LA 

support for the Khan Academy platform (Ruipérez-Valiente et al., 2015). Finally, other LA tools 

that are used for descriptive LA are Ignite teaching and SmartKlass, and for predictive LA are Early 

Warning System and Student Success System. 

http://brightbytes.net/solutions/early-warning/
http://brightbytes.net/solutions/early-warning/
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5 The Pedagogical Objectives of LA - Target of Intervention (RQ1) 

One of the aspects under investigation, particularly within the field of MOOCs, is how to increase 

student participation and completion rates. One of the ways in which the historically low levels of 

engagement and commitment has been addressed is through personalized learning experiences. In 

order to create these experiences, it is necessary to use LA to measure which aspects of courses 

promote increased motivation, often measured as commitment.  

Student engagement as an indicator of participation in educational activities refers to time and effort 

students spend during their academic life, and it is connected to how students feel, think, and behave 

(Pursel, Zhang, Jablokow, Choi, & Velegol, 2016). Commitment has two different dimensions: the 

first is related to the engagement of the student in the learning process, and the second to students’ 

responsibility and willingness for participation (Iglesias-Pradas, Ruiz-De-Azcárate, & Agudo-

Peregrina, 2015). Motivation is a complex personal psychological feature which cannot be directly 

measured. It is dynamic; it can change depending on the emotional state, self-confidence or 

teaching support (Conde et al, 2015; Conde et al, 2016; Nistor et al., 2015). The psychometric 

theory of measurement could build a composite index of motivation to embed it into a LA system.  

In addition to commitment, students need several other supports and skills in order to be successful 

in online learning. Students must have a certain ability to regulate their own learning, receive 

feedback and collaboratively work with peers. Self-regulated learning (SRL) is a cognitive 

procedure that involves the efforts of learners to manage complex learning activities for academic 

goals (Kim, Jo, & Park, 2016). It is crucial that students learn how to find what they need as part 

of the do-it-yourself skills that will be essential during their careers.  

Feedback is necessary for students to understand their performance, their upsides and downsides 

(Sedrakyan, Snoeck, & De Weerdt, 2014). Feedback is informative if two conditions are satisfied: 

it is predictive and allows for intervention (Tempelaar et al., 2015). Reflective practice is a process 

that involves thinking about and critically analyzing one's actions with the goal of improving one's 

professional practice. Predictive analytics analyzes historical data to predict what could happen as 

early warning signals for student reflection and regulation and teacher intervention (Chou et al., 

2017). Enhanced personalization of learning and timely feedback is useful to learners when the 

outcome is meaningful and adds real value to the process of knowledge. The key is to integrate 

textbooks, lectures, and homework assignments into a 24/7 personalized learning system providing 

personalized interventions: feedback, assessment, scaffolding or support.  

Collaboration involves dialogue and exchange of skills between students with different interests, 

to achieve a common goal. Collaborative environments require approaches and proposals that 

stimulate and enrich collaboration. Computer-Supported Collaborative Learning (CSCL) (Van 

Leeuwen et al., 2015) is a strategy in which technology supports students in collaboration, and that 

is beneficial for learning. Τhere is a need to make courses more collaborative to support teachers 

and engage and motivate students, e.g. using conversational agents. 

Table 9 presents an overview of the learning outcomes measured in the selected studies. While 

student performance is the most common outcome investigated, nearly as many studies were 

concerned with personalized feedback or engagement. 

Table 9. Learning outcomes  

Dependent variables # of primary studies * 

Student performance (binary or in grades) 22 
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Personalized (timely) feedback 20 

Engagement 16 

Prediction (of performance) 12 

Motivation 12 

SRL (self-monitor/manage/reflect/assessment) 12 

Collaboration / teamwork 9 

Intervention 9 

Assessment of mass projects 8 

Retention / risk profiling / drop-out reduction 7 

Monitoring 7 

Class tracking-orchestrating / teacher awareness (TA) 7 

Learning satisfaction 4 

Critical thinking / implicit deeper learning 4 

Adaptation/modeling of learning behavior and strategy 5 

Time management 3 

Confidence 3 

*An article often focused on more than one topic. 
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6 Stakeholders (RQ1) 

LA emerges from two converging trends: the increasing use of VLEs in educational institutions, 

and the application of artificial intelligence (AI) and data mining (DM) techniques. LA is an 

interdisciplinary field that uses concepts from the learning sciences, computer science, and 

educational psychology to encourage better pedagogic practices and provide benefits for the 

stakeholders - students, instructors, institutions - by fostering communication between them. LA 

supports institutions in resource allocation, student success, and finance. These institutions are 

collecting data for analysis and predictions are made to set insights and actions.  

  

Stakeholders of LA are numerous, but in the relevant literature, the emphasis is put to (Bendaly 

Hlaoui et al., 2016): 

● Student level: triggers SRL (self-regulation), action, retention; respects diverse ways of 

learning. 

● Instructors/course level: course monitoring systems, observation, capacity, decision-

making, an adaptation of teaching strategy, quality of courses, material update. Increase 

the analytical skills of the faculty so that they can contribute to the implementation of LA 

activities 

● Institution-level (policy-makers, administrators, funders, researchers, governments, 

authorities): resources allocation, evidence-based decision-making, global class 

visualizations, retention. Institution’s autonomy, accountability, business intelligence. 
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7 Identified Issues – Ethics (RQ3) 

Ethics are shared principles that help people to discriminate right from wrong. There are issues 

related to LA concerning the data that an LA framework deals with. For instance, it is of great 

concern in the community of LA, the classification of the LA ethical issues (Slade & Prinsloo, 

2013), i.e., location and interpretation of data, informed consent, privacy and the de-identification 

of data, and the management, classification, and storage of data. All these are issues that may 

discourage the learner, in participating in learning activities that do not handle these issues 

delicately. Thus, to alleviate for such issues, a system handling LA should cater for design and 

implementation of an approach that respects data privacy, anonymity and security (with LA that 

works with sensitive datasets containing personal information, security is a major concern for 

ensuring data protection), being at the same time compliant with legal frameworks at least 

suggested or imposed by EU imperatives. The European position towards LA has been expressed 

in the European Commission’s report: “New Modes of Learning and Teaching in Higher 

Education” (http://www.e-learn.nl/2014/10/23/new-modes-of-learning-and-teaching-in-he). In 

recommendation 14, the Commission stated that the “Member States should ensure that legal 

frameworks allow higher education institutions to collect and analyse learning data. The full and 

informed consent of students must be a requirement, and the data should only be used for 

educational purposes” - consent refers to giving permission to gather data and take action on the 

results of data processing. And, in recommendation 15: “Online platforms should inform users 

about their privacy and data protection policy in a clear and understandable way. Individuals should 

always have the choice to anonymise their data.” The paper by Hoel, Griffiths and Chen (2017) 

refers to the learners’ right to be forgotten, which relates to the minimization of data. 

In order to use educational data for LA in an acceptable and compliant way, and to overcome the 

fears connected to data aggregation and processing, policies and guidelines need to be developed 

that protect the data from abuse and ensure a treatment in a trustful way. 

According to the Lace Project, the development and implementation of LA could benefit from the 

application of a value-sensitive design (Friedman, 1997). The value-sensitive design is the idea that 

ethical agreements and existing privacy law need to be embedded where and when it is relevant for 

the design and usage of a system like LA – starting early on in the design and implementation 

process, and close to where the technology is being rolled out. Prinsloo and Slade (2017) believe 

that educational stakeholders are ethically responsible for acting when data obligates action. 

To support this new “learner contract” as the basis for a trusted implementation of LA, the eight-

point DELICATE checklist has been developed (Drachsler & Greller, 2016). In their work, the 

authors support that ethics is a moral code of external conventions that exist in society, while 

privacy is an intrinsic aspect of a human’s identity.   

“The checklist is derived from the intensive studying of the legal texts and several 

reviews with experts” and he adds that “it has been put into its final shape by the 

LACE project and in close cooperation with its associated partners across Europe. 

The DELICATE checklist contains eight action points that should be considered 

by managers and policy decision makers planning the implementation of LA 

solutions either from their institution or an external provider. The eight points are 

1. Determination, 2. Explain, 3. Legitimate, 4. Involve, 5. Consent, 6. Anonymise, 

7. Technical aspects, 8. External partners” (Drachsler & Greller, 2016, as cited in 

Griffiths et al., 2016, p. 19). 

http://www.e-learn.nl/2014/10/23/new-modes-of-learning-and-teaching-in-he
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8 Discussion - Conclusions 

LA depends on particular methods, metrics, and tools, but the only LA solution might well be a 

holistic solution transforming learning and teaching for learners, educators, and administrators 

(Prasad et al., 2016). LA provides data-driven tools to help instructors make pedagogical decisions. 

LA will likely be driven by the top and by the bottom—by administrators seeking less deceleration 

and higher graduation rates and by students seeking more efficient and more in-depth learning 

(Gilliland, 2017). The focus should be transitioned from the technical specs to the actual needs 

(Kotsiantis et al, 2013). Also, the responsibility of the learning procedure should be shifted from 

the educators to the learners. One of the most significant challenges in the field of LA is 

contributing to improving the learning process by doing better things, not merely doing the same 

things better (Sancho, 2016). Developments in the field of LA highlight a high tension between 

data mining (analytical part) and pedagogy (learning part). There is a meaningful debate that big 

data alone cannot improve teaching, and more research is needed from a pedagogic point of view 

(Koh & Choi, 2016). People view big data as a quantitative shift, but it is, in fact, a qualitative 

change that demands a new way of thinking in educational methods. 

Concluding, we wrote this systematic review as a roadmap and starting point for a vivid dialogue 

on rethinking the nature of LA and building an agenda of realities for solutions. LA provides 

opportunities to support learners, but they place challenges we should not ignore. Further empirical 

research to obtain sound evidence is needed from academia, practitioners, industry, and researchers 

to demystify the LA blind spots, to develop the intersection of theory, data, and practice. In 

particular, more information is needed on how LA works within the MOOC landscape and how it 

can be used to improve interventions, such as those offered by conversational agents. The 

ColMOOC project aims to address some of these gaps.   
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9 LA in the Current Project - Scope 

9.1 Connection with MOOCs 

In this section, we provide the relation of our previous analysis with the objectives of the colMOOC 

project. Thus, in the framework of colMOOC, we investigate what variables are indicative of 

supporting student completion in a MOOC through LA tools. Click-stream data have low-level 

meaning, but in some cases can be strongly correlated with pedagogical goals and measures of 

learning outcomes. The goal is to investigate if an LA approach could find relevant predictors of 

two cross-curricular competencies: teamwork and commitment. We suggest that LA can be used 

to predict student outcomes and can ensure that timely and appropriate teaching interventions can 

be incorporated by tutors, in this case also CAs, to improve class performance. 

In summary, our opinion is that there is a need for new advanced types of datasets as the amount 

of noise grows exponentially. A challenge is data preprocessing to ensure the quality of data and 

extract meaningful metrics for analysis. 

MOOCs are an ideal context for developing and refining online teaching techniques and learning 

analytics informed and focused teacher intervention in MOOCs and the grounding of computational 

analytics. The promise of learning analytics for MOOCs is appealing to researchers, practitioners, 

and policymakers. Effective analytics in a MOOC environment can improve the efficacy of 

learning on a large scale and potentially provide education to more people at lower costs. The 

practice of developing analytics for MOOCs can pragmatically be conceptualized in the early stages 

as helping teachers to identify difficulties early by developing small group focused pedagogy and 

attending to network analytic representations of how those groups interact with each other and the 

larger MOOC. This literature review serves as the foundation for the next stage in our work, which 

is to scale small group analytics out to MOOC scale courses. 

9.2 Connection with Computer-Supported Collaborative Learning (CSCL) 

It is proposed by Magnisalis, Demetriadis and Karakostas (2011) that adaptive and intelligent 

collaborative learning support (AICLS) systems can be classified and that their design and 

operation can be analyzed according to the pedagogical objective they serve. In the colMOOC, the 

term mode of feedback (support) is used as identical to that objective pedagogical term. 

This dimension provides a link to the broader area of CSCL systems. A CSCL system can be 

characterized, according to its pedagogical objective, as “mirroring”, “metacognitive”, or “guiding” 

(Soller et al., 2005) as explained in section 3. There is no reference or example for AICLS system 

implementation in relevant literature that is flexible enough to support various modes of 

feedback/support and presentations. Moreover, the need has been identified to test the utility of 

different feedback modes (mirroring-metacognitive, guiding) for supporting online collaborative 

learning. It is probable that specific feedback modes are more beneficial than others, under various 

conditions, and for different domains. Thus, in the framework of colMOOC, we shall focus on 

using LA in multiple modes to represent peer interactions within a collaboration tool (e.g., a chat). 

9.3 Connection with Conversational Agent (CA) 

In this section, we attempt to clarify the way LA is going to be conceptually connected to the actual 

CA (Conversational Agent). In the colMOOC project, CAs are in CSCL tool in a MOOC 

environment. LA in colMOOC focuses on grasping the essence of peer interaction within a 

collaborative tool amongst peers and the CA. LA also focuses on enriching the peer-interaction 

module (see figure 21) of the CA. In this functional abstraction of CA, we imagine LA presented 

in two main modes (see the section of data visualization): a) through a graphical interface in a meta-
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cognitive perspective, b) via textual information towards peers to support for guiding purposes of 

the collaborative work. 

Thus, in the design and implementation phases of colMOOC, we shall investigate metrics such as 

the following: 

1. avg. Conversation Length (e.g., 2 min), 

2. turns Per Conversation (e.g., 13 TPC), 

3. user Re-engagement (20% User Re-engagement), 

4. generated Laughter (e.g., 25%), 

5. users Answered Questions (e.g., 60%), 

6. CA interventions (e.g., ten times), 

7. graphical LA saw/clicked (e.g., 5% of chat duration), 

8. lexical-guiding LA appearance (e.g., five times), 

9. rating by the peers of CA interventions’ effectiveness, 

10. words/phrases on domain target (e.g., five words were in the lexicon of the domain under 

discussion by peers). 

  

 

Figure 21. LA relation to the modules of a CA 

 

Towards this direction, in the design phase of colMOOC, we shall identify which metrics to 

implement and how. This will be based on information from the literature review. 

We envision information visualization, typically in the form of so-called learning dashboards, 

which provide overview learning data through data visualization tools. Likewise, we will carefully 

select metrics from well-known methods of learning analysis, such as the following: 

● Content analysis, particularly of resources which students create (such as summative 

messages). 

● Discourse Analytics, which aims to capture meaningful data on student interactions which 

(unlike 'social network analytics') aims to explore the properties of the language used, as 

opposed to just the network of interactions, or forum-post counts. 
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● Social Learning Analytics, which is aimed at exploring the role of social interaction in 

learning, the importance of learning networks, and the discourse used to make sense. 

● Disposition Analytics which seeks to capture data regarding student's dispositions to their 

learning, and the relationship of these to their learning. For example, "curious" learners 

may be more inclined to ask questions - and this data can be captured and analysed for 

learning analytics. 

 

Hence, for instance, we may address open issues related to flexibility, interaction analysis, and 

representation in CSCL. Furthermore, the added value of colMOOC work is the use of a learning 

system (i.e., MOOC) to compare feedback modes. Specifically, one aspect of colMOOC work will 

be on investigating the impact of various feedback modes (i.e., mirroring, metacognitive, guiding, 

and flexible mix of all of them), upon collaborative processes and outcomes (both directed towards 

individual and group gains).  

9.4 Connection of LA to Pedagogy 

In an attempt to connect LA with pedagogical purposes in the framework of colMOOC, we point 

out the work of Soller et al. (2005). In this work, the authors have developed a collaboration 

management cycle framework that distinguishes between mirroring systems (which display basic 

actions to collaborators), metacognitive tools (which represent the state of interaction via a set of 

key indicators), and coaching systems (which offer advice based on an interpretation of those 

indicators). 

In the words of Soller et al. (2005), “the framework, or collaboration management cycle is 

represented by a feedback loop, in which the metacognitive or behavioral change resulting from 

each cycle is evaluated in the cycle that follows. Such feedback loops can be organized in 

hierarchies to describe behavior at different levels of granularity (e.g., operations, actions, and 

activities). The collaboration management cycle is defined by the four following phases.” (Figure 

22) 

 

Figure 22. The Collaboration Management Cycle  (Soller et al., 2005) 
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● Phase 1: The data collection phase involves observing and recording the interaction of 

users. Data are logged and stored for later processing. 

● Phase 2: Higher-level variables, termed indicators are computed to represent the current 

state of interaction. For example, an agreement indicator might be derived by comparing 

the problem-solving actions of two or more students, or a symmetry indicator might 

result from a comparison of participation indicators. 

● Phase 3: The current state of interaction can then be compared to the desired model of 

interaction, i.e., a set of indicator values that describe productive and unproductive 

interaction states. The authors aforementioned add that “for instance, we might want 

learners to be verbose (i.e., to attain a high value on a verbosity indicator), to interact 

frequently (i.e., maintain a high value on a reciprocity indicator), and participate equally 

(i.e., to minimize the value on an asymmetry indicator)”.  

● Phase 4: Finally, remedial actions might be proposed by the system if there are 

discrepancies. 

 

Soller et al. (2005) add a phase 5: “After exiting Phase 4, but before re-entering Phase 1 of the 

following collaboration management cycle, we pass through the evaluation phase. Here, we 

reconsider the question, “What is the final objective?”, and assess how well we have met our goals”. 

In other words, the "system" is analysed as a whole. 

According to the section above, in colMOOC, we plan to use LA as a pedagogical intervention 

add-on module of the CA (Conversational Agent). Moreover, we intend to focus on meta-cognitive 

graphical presentation modes and textual guiding support towards peers. Thus, according to Figure 

23, LA can be an approach to predict student learning performance that can also be successfully 

applied to a variety of courses and programs. As such, LA helps in monitoring and/or predicting 

student performance. Additionally, it enables targeted interventions. As a result, performance 

information and predictions allow students, faculty, and advisors to improve student success. 

In colMOOC design and implementation phases, we shall think out of the box and attempt to use 

LA to support decision making, enabling higher education institutions to maximise their potential, 

especially within the working conditions of a MOOC. Focusing on pedagogy within a collaborative 

tool leveraged by a CA, we shall inject our learning analytics solution with the aim to improve 

student engagement, progression and ultimately attainment, including accurately predicting and 

possibly discouraging early student withdrawal. Additionally, LA information is going to be 

offered to students, teachers, and faculty for the benefit of all stakeholders and especially the 

learning process itself. To give exemplary cases for the Figure 23 below, we mention that 

“prediction” means, for example, to identify 'at risk' students in terms of drop out or course failure. 

For “Personalization & Adaptation” a purpose could be to provide students with tailored learning 

pathways, or assessment materials. Finally, for intervention purposes, it is essential to provide 

educators with information, which allows them to intervene with and support students. This is 

therefore the main pedagogical target. 
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Figure 23. An abstract model of how LA can support pedagogical purposes in the colMOOC 

project 
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