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ABSTRACT 

This paper describes open learner models as visualisations of 

learning for learners, with a particular focus on how information 

about their learning can be used to help them reflect on their 

skills, identify gaps in their skills, and plan their future learning. 

We offer an approach that, in addition to providing visualisations 

of their learning, allows learners to propose changes to their 

learner model. This aims to help improve the accuracy of the 

learner model by taking into account student viewpoints on their 

learning, while also promoting learner reflection on their learning 

as part of a discussion of the content of their learner model. This 

aligns well with recent calls for learning analytics for learners. 

Building on previous research showing that learners will use open 

learner models, we here investigate their initial reactions to open 

learner model features to identify the likelihood of uptake in 

contexts where an open learner model is offered on an optional 

basis. We focus on university students’ perceptions of a range of 

visualisations and their stated preferences for a facility to view 

evidence for the learner model data and to propose changes to the 

values.   

CCS Concepts 

• Human-centered computing➝Human computer interaction 

(HCI); user model, user studies ➝Visualization; Visual 
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1. INTRODUCTION 
Visual analytics combine the strengths of people and computers in 

processing data [25]. With the growth of interest in learning 

analytics, visualisations and dashboards have been developed for 

education settings (e.g. [2; 10; 19; 43]). There is also growing 

recognition that, because learning analytics are concerned with 

learning, they should offer pedagogically useful information [22]. 

This information also needs to be actionable, i.e. it has to be able 

to support decision-making [2]. For example, learning analytics 

can help teachers to compare activity and performance indicators 

in large datasets, to allow them to take decisions about their use of 

particular activities [20]; or social learning analytics dashboards 

may help teachers better identify learner-learner interactions, 

which may help them to intervene in cases such as where there are 

disconnected students, or help them recognise those who have 

influence over others as indicated by ratings or followers [21].  

Learning analytics visualisations can also be helpful for the 

learners themselves (e.g. [15;18;21;44]), and it is this area that is 

of particular interest in this paper; specifically, open learner 

models (OLM). The essence of a learner model is a representation 

of an individual’s current state of knowledge, skills, 

competencies, etc., which is inferred according to their interaction 

with an educational system [46]. Thus, it is not so much a count of 

performance or other data as is more common in learning 

analytics, but it is, indeed, a representation of understanding or 

learning. It is the learner model that allows an adaptive system to 

appropriately personalise the interaction to suit the individual 

learner’s needs at the time.  

Open learner models are learner models that externalise the 

inferred learner model contents to the learner (or other user), 

usually with some kind of visualisation. Often this has the aim of 

promoting metacognitive activities such as reflection, self-

monitoring and planning (see [3]), and therefore has a similar goal 

to some of the arguments for learning analytics visualisations to 

facilitate such activities, e.g. self-directed learning [15] and 

metacognition [18]. 

Typically, in learning analytics, traditional visualisation methods 

have been used in learning dashboards. These include bar charts 

[20; 23; 36; 38]; pie charts [23; 41]; histograms [27; 41]; radar 

plots [21]; scatterplots [36]; tables [38]; or timelines [20; 27; 38]. 

Other examples include networks [21; 41] and tag clouds [41]. As 

can be seen from the above, often several visualisations are 

available on a learning dashboard (e.g. [38; 41]). 

OLMs often use different visualisation forms than those most 

commonly found in learning analytics dashboards. For example: 

skill meters [6; 7; 12; 17; 28; 33; 45], concept maps [1; 17; 30; 37] 

and hierarchical tree structures [11; 17; 24; 30] are particularly 

common. Other visualisations as mentioned above for learning 

analytics, can also be found in open learner models (e.g. tag/word 

clouds [7; 31] and network visualisations [7]). The overlap 

between learning analytics visualisations and OLM visualisations 

is often in the newer visualisation types. As with learning 

analytics dashboards, some open learner models have multiple 

visualisations (e.g. [7; 17]). Figures 1 and 2 show examples from 

the LEA’s Box open learner model. 
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Figure 1: The LEA’s Box OLM: word cloud and treemap visualisations. 

 

 

 

 

 

 

 

 

Figure 2: The LEA’s Box OLM: stars, gauges, network, table, skill meters, smileys, histogram and radar plot visualisations. 



In addition to allowing users to see the information in their learner 

model, and in a way that is meaningful and facilitates action, 

learner models can in some cases also be negotiated (e.g. [4; 16; 

26]), where either the learner or the system can initiate discussion 

to try to resolve any differences between their respective beliefs 

about the learner’s knowledge, and each partner provides evidence 

or justifications of their viewpoints. Separate learner model 

representations (for the system’s and student’s beliefs about the 

learner’s skills) are retained if there is no agreement. 

Alternatively, some learner models allow attempts at persuasion: a 

learner can try to persuade the system to change a value in their 

learner model, providing evidence to convince the system (e.g. [9; 

29; 40; 42]). Only if the system is convinced by this evidence, will 

it update the learner model to reflect the learner’s requested 

change. While there are similarities between negotiated and 

persuadable learner models, the main difference is that in the 

latter, control of the learner model data lies with the system, while 

negotiated learner models allow parallel representations of student 

and system beliefs if there is disagreement. 

Approaches such as the above allow learners to suggest changes 

to outdated or inaccurate representations in their learner model, 

and often also aim to promote learner reflection on their learning, 

as part of the discussion process [5]. This is possible in OLMs 

because the visualised data is not simply a count of activity or 

behavior – which will be an accurate count of instances (e.g. 

clicks, materials accessed, exercises attempted, performance 

scores) – but rather, comprises inferences about learning. As 

stated above, this interaction about the content of the learner 

model aims to provide a means to improve the accuracy of the 

model: e.g. if a learner had obtained correct answers through 

guessing, the learner may try to decrease a value; or if the learner 

had done some additional reading, they may try to increase a 

value in their learner model (or, indeed, they may try to decrease 

it, if on reading they realise that their understanding is not as 

strong as the representations in their model suggest). Importantly, 

this discussion process also aims to prompt reflection on learning 

as learners consider the evidence for the learner model values, and 

must provide justifications if they attempt to change any value in 

their model.  

In the next section we introduce the LEA’s Box (Learning 

Analytics Toolbox) OLM, which has multiple visualisations and 

offers a persuasion mechanism. We then describe a study 

investigating which features university students would expect to 

use, to help identify useful features for OLM developers, and 

ways to introduce OLMs in optional settings to encourage uptake. 

While we already know that students will use an OLM similar to 

this one [8], we know less about their intentions before they adopt 

it. This information is also important.  

2. THE LEA’s BOX OLM 
Multiple visualisations have previously been suggested to be 

beneficial in OLMs, to allow users to select the visualisation 

according to their reason for viewing the learner model and their 

individual preferences for viewing [7; 30; 39; 42]. The LEA’s Box 

OLM has ten visualisations. It also has a discussion facility to 

allow students to obtain evidence for their learner model data and, 

if considered appropriate, to try to argue for changes to the values 

in their model. In this version of the LEA’s Box OLM, we take 

the approach of persuasion, where the student alone can initiate 

discussion, and if there is no agreed outcome, the model remains 

unchanged. Future work will develop this into a full negotiation 

mechanism, hence the appearance of the term “negotiation” in the 

interface. 

In line with some other technology-enhanced learning contexts 

where learning data from multiple sources is held in the learner 

model (e.g. [8; 14; 32; 34]), the LEA’s Box OLM can take data 

from a range of activities or sources. In our current example, the 

activities are completed in the course Learning Management 

System. While the OLM can be used in any subject, we here use 

the example of language learning, and specifically, vocabulary 

topics. 

2.1 OLM Visualisations 
Figures 1 and 2 give examples of how the learner model is 

visualised to learners (based on [7]). Figure 1 shows the word 

cloud visualisation for a “Test Student”, where the larger (blue) 

text on the left indicates strong areas, with less strong topics in 

smaller text; and the larger (black) text on the right shows weaker 

areas, with less weak (but still low) areas in smaller text. The 

treemap shows the strength of topics by the size of the 

corresponding squares. These screens also show the quiz names, 

again with the quizzes that contribute the highest level shown on 

the left of the word cloud (in blue), and the quizzes with lower 

levels of mastery on the right (in black text); and the size of the 

square for a quiz in the treemap indicating that quiz’s influence in 

the learner model. This allows students to see their levels across 

all vocabulary topics, as well as the specific activities that 

contributed the data. Figure 2 gives examples of the other 

visualisations available: stars, gauges, network, table, skill meters, 

smileys, histogram and radar plot. Skill meters, as indicated 

above, are common OLM visualisations. Unlike progress bars, 

commonly used in computer systems, these reflect the current 

inferred learning state. In LEA’s Box we have two versions – the 

stars which quantise the data into five levels, and the continuous 

skill meters. The gauge and radar plot also show continuous 

values. The table, smileys and histogram show discrete values. 

The treemap and network visualisations use size (and brightness, 

in the case of the network), to indicate the strength of topics. The 

treemap allows the learner to click on a cell to view the next layer 

in the hierarchical structure, while clicking on a node in the 

network allows the nodes to be expanded or collapsed, to view 

more or less information. Thus, the different visualisations may be 

more or less useful depending on the number of areas displayed, 

and may also be viewed according to individual preferences.  

Table 1: LEA’s Box OLM visualisation categories. 

 Quantised Continuous Structured Unstructured 

Skillmeters  × ×  

Table ×  ×  

Smileys ×  ×  

Stars ×  ×  

Gauges  × ×  

Word cloud  ×  × 

Histogram × 
  × 

Radar plot  ×  × 

Treemap  × ×  

Network ×  ×  
 



Table 1 gives an overview of some of the features of the 

visualisations. As stated above, some visualisations are quantised 

on a five point scale, while others use a continuous scale. Most 

visualisations also indicate the structure of the domain. Thus, 

using those visualisations, it is possible to see a topic parent or 

child, if applicable. 

2.2 OLM Persuasion  
After viewing their OLM as in Figure 1 or 2, if a student is unsure 

about the accuracy of a value, or if they disagree with it, they can 

opt to try to change it through discussion (see bottom of the word 

cloud screen in Figure 1). The persuasion workflow is shown in 

Figure 3. When discussion of a given vocabulary topic is initiated 

by the student, the student’s current level for this topic is 

displayed as a statement. The student can then either request 

evidence or give a self-assessment. This is shown in Figure 4. 

 

Figure 3: Discussion workflow. 

The move “request evidence” (right, middle) is available to the 

learner during all persuasion steps. The evidence explains how the 

current level is calculated for the area being discussed (Figure 5). 

It takes into account all pieces of evidence that are directly 

associated with this, as well as any sub-topics. A piece of 

evidence can, for example, be a score in an exam or a quiz, a 

teacher assessment, an activity in another system that may or may 

not model the learner’s knowledge, or the result of a past resolved 

discussion of the topic. Each piece of evidence has a weight 

(based on [7]): the more recent a piece of evidence, the higher its 

weight (unless the relative weights have been changed by the 

teacher). In this example there are three pieces of evidence. 

The student’s self-assessment is followed by a statement from the 

system that reminds the learner of their current level and self-

assessment. The system then requests justifications before it will 

increase or decrease the student’s level for this topic in their 

learner model, to match their self-assessment (Figure 5). 

Depending on the student’s justification, current level and self-

assessment, the system uses the discussion parameters defined by 

the instructor (Figure 6) to accept or decline the student’s self-

assessment, or to propose a compromise between the student’s 

self-assessment and the current representation of their level in 

their learner model. If a self-assessment or a compromise is 

accepted, the discussion ends because the system has been 

persuaded, and the model is updated with a level that both the 

student and the system accept. This agreed level becomes a new 

piece of evidence for this topic, with “negotiation” noted as the 

source of evidence and the student as contributor. However, if a 

self-assessment or a compromise is declined, the discussion ends, 

but the model is not changed. 

 

Figure 4: System statement and student self-assessment. 

In the example in Figure 6, the teacher has defined all 

justifications to have equal weight (5), with justifications for 

upward changes having a positive value, and justifications for 

downward changes having a negative value. In principle, the same 

phrase could be used both positively and negatively. For example, 

a learner could consider themselves to be stronger or weaker than 

reflected in their learner model, for a particular area. They might 

therefore give the reason ‘I have done an exercise’ as justification 

for a change in either direction, if this option has been defined by 

the instructor for both cases. This is easily done, since 

justifications with positive associated values only show (as in 

Figure 5) for selection when a learner tries to increase a value in 

their learner model, and justifications with negative associated 

values are only available if a learner tries to decrease a value. 

The maximum threshold defined by the instructor (Figure 6) is the 

maximum increase allowed to a learner model value during 

persuasion, without the system requiring further information; and 

the minimum threshold is the maximum decrease allowed without 

requiring justification. Thus, in this example, a self-assessment of 

+10 or -10 will be accepted; a request to change a value by more 

than this will not be automatically accepted. The minimum 

number of pieces of evidence between negotiations can be defined 

to ensure that students cannot simply change a learner model 

value multiple times for a topic, without additional evidence being 

collected from another source. In this example, two further pieces 

of evidence for a topic are required before a new discussion of the 

value can take place. The minimum time between negotiations has 

a similar purpose. It can be set to no minimum; 15 minutes (as 

here); 30 minutes; 1 hour; 1 day; or 1 week (future work will 

allow instructors to define other values). This is another method to 

ensure that a student cannot easily change values without 

appropriate consideration. 

When a student proposes a new value, the system may offer a 

compromise if the proposed value is beyond the given threshold. 

They will be required to provide one or more justifications, and 

the values defined for these (here +5 or -5) will be used to 

calculate the compromise value. This value must fall within the 

instructor’s threshold (here 10, which can include two 

justifications as all combinations of two justifications will total 

10); but will be as close to the student’s proposed value as is 

permitted. This implementation of persuasion differs from 

previous work in that usually a student can demonstrate their 

skills by answering questions selected to verify their claims (e.g. 

[9; 29; 40; 42]). Because LEA’s Box has multiple data sources 

and is domain- independent, all justifications are currently in the 

form of statements predefined by the teacher. 



 

Figure 5: Justifying a change to the learner model. 

 

In future work students may also be directed back to specific 

activities in specific data sources, allowing evidence of their skills 

to be demonstrated, as in other approaches to persuading and 

negotiating the learner model. The two approaches will then be 

used together. 

Table 2 describes the possible discussion moves for student and 

system, with examples. (Except for self-assess, future work on 

negotiation will implement the currently missing cells.) 

 

 

Figure 6: Defining the justification options. 

 

Table 2: Negotiation moves and examples. 

 Student System 

Initiate discussion 
Select a topic to 

discuss. × 

Accept/agree 

Accept a compromise. 

Agree with the 

evidence provided. 

Accept a compromise. 

Agree with the student’s 

justifications. 

Decline 
Decline a compromise 
proposed by the system. 

“Your last negotiation for 

this is too recent to allow a 

new negotiation.” 

Compromise × 

Propose a compromise 

between the current value 
and the student’s self-

assessment. 

Request evidence 

Request  

justifications 

Request evidence for 

the current value. 

Request justifications for a 

self-assessment. 

Provide evidence 

Provide 

justifications 

“I have done some 

homework.” 
“I have had a class.” 

“I have done some 
reading.” 

“Your level in vocabulary 
is 72 and this is a sub-topic 

of Italian.” 

Self-assess 
“I think my level should 

be 80.” × 

Challenge 

evidence × × 

Statement × 
“Your level for vocabulary 

is 75 and you think it 
should be 80.”  

 



3. STUDENT PERCEPTIONS  
The LEA’s Box OLM was introduced in a final year module on 

Italian language, in the Department of Modern Languages at the 

University of Birmingham, UK. The Italian course uses a suite of 

over 340 formative assessment quizzes in the institution’s chosen 

Learning Management System. There are no summative marks 

associated with these activities. The quizzes cover a variety of 

skills: grammar, vocabulary, reading, listening, etc. In this study 

we used the area of ‘vocabulary’. The vocabulary quizzes are 

mapped onto the Common European Framework of Reference for 

Languages (CEFR) [13]. For example, for vocabulary, 26 topics 

are covered in 14 quizzes. The vocabulary topics and quizzes are 

linked to three of the CEFR levels (B1, B2, C1) on the basis of 

range and complexity of topic, as appropriate for the participants 

(Figure 7).  

Vocabulary range  

     Vocabulary for everyday life (B1) 

     Varied vocabulary for specialism and general topics (B2) 

     Broad lexical repertoire, idioms and colloquialisms (C1) 

Vocabulary control  

     Control of elementary vocabulary (B1) 

     Ability to communicate well (B2) 

     Extensive vocabulary control (C1) 

Example vocabulary topics and levels 

     B1: people, the family, past people and things 

     B2: traditions and celebrations, cities, out-of-town living 

     C1: politics and political parties, Italian economy, social issues 

Figure 7: CEFR levels and examples for vocabulary. 

The LEA’s Box OLM was introduced to help overcome the 

problem of use of the quizzes not peaking until the exam 

preparation period, arguably not the best time to practise and learn 

vocabulary. The LEA’s Box OLM offers an overarching 

context/environment for students’ learning of Italian vocabulary, 

and a more meaningful way of working with the quizzes, since it 

allows students to visualise their progress throughout their study 

and to contextualise this progress in the various aspects of their 

lexical competence. The opportunity to discuss their levels is seen 

as an excellent way for students to engage with their learning 

process, take responsibility for it and also be empowered by it.  

In this study we investigate the students’ intentions towards using 

the LEA’s Box OLM, as initial perceptions are likely to influence 

whether students who are completing activities on a formative 

basis only, proceed to use an environment such as the LEA’s Box 

OLM. 

3.1 Participants, Materials and Methods 

Participants were 25 volunteers in their final year of an 

undergraduate degree in Modern Languages, who were taking a 

course in Italian language (see above). They received a demo of 

the LEA’s Box OLM using a “Test Student” account, and an 

explanation of how the OLM could be used to further explore quiz 

outcomes with reference to CEFR. They were advised that their 

expected levels for the current stage of the course were already 

entered into their OLM, but that their subsequent quiz results may 

move their levels for the various topic areas and corresponding 

competences.  

Questionnaires were administered to identify participants’ 

anticipated use of OLM features, with items requiring responses 

on a five point scale: strongly agree (5), agree (4), neutral (3), 

disagree (2), strongly disagree (1). “Strongly agree” and “agree” 

are combined in the analysis, as these indicate positive responses. 

However, the Figures show “strongly agree” and “agree” 

separately, to provide further detail. There were 10 questionnaire 

items addressing whether each of the visualisations were likely to 

be used; 5 relating to how participants expected to use the 

visualisations; and 6 items referring to their expectations about 

their use of the persuasion mechanism (referred to in the 

questionnaires as “negotiation” to be consistent with the terms in 

the interface).  

3.2 Results 

Figure 8 shows participants’ stated intentions for using each of the 

visualisations. The skill meters are anticipated to be the most 

likely used, followed by the table and stars. The radar plot and 

treemap are expected to be least used. Most students indicated that 

they intend to use several visualisations: mean 3.84 visualisations; 

median 4; range 0-10. Table 3 shows the breakdown for expected 

use of structured/unstructured and quantised/continuous 

visualisations, a split between students opting for structured only 

and both, with none expecting to use only unstructured 

visualisations; and 22 of the 25 participants expecting to use both 

quantised and continuous visualisations, 1 anticipating using only 

continuous, and 1, only quantised.  

Figure 9 shows participants’ stated expected purposes for 

accessing the OLM visualisations, and Table 4 shows the mean, 

median and range values. All purposes (comparing topics, 

planning, reflection, identifying relative strengths and gaps) are 

expected to be highly relevant. Table 5 provides further 

breakdown: 23 of the 25 students gave positive responses for all 

four purposes of viewing their learner model; 1 gave positive 

responses for 3 purposes (omitting the reflection option); and 1 

indicated that they would use the OLM for only one of the given 

purposes (planning). 

Figure 10 shows participants’ expectations regarding their use of 

the discussion component of the LEA’s Box OLM. 23 of the 25 

students claim that they would want to view the evidence for 

values when they disagree with them; and 24, when they agree 

with the values. 19 expect to discuss values when they disagree 

with them; and 14, when they agree. 16 stated that they wish to 

explain their viewpoint (justify their self-assessments) when they 

disagree with values; and 13, when they agree. Table 6 gives the 

mean, median and range values. While some values are lower, the 

medians show that most participants expect to engage in 

discussion with the system, regardless of whether they agree or 

disagree with the values shown in the OLM. 

 

Figure 8: Students’ stated choice of visualisations. 

Table 3: Expected use of visualisation types. 

Structured Unstructured Structured and Unstructured 

13 0 11 

Quantised Continuous Quantised and Continuous 

1 1 22 



 

 

 

Figure 9: Students’ stated purposes for viewing the OLM. 
 

Table 6 shows a high expectation for viewing evidence, but while 

still positive, less high for discussing values and explaining one’s 

point of view. Figure 11 considers the latter two, with reference to 

the number of visualisations used. The 3 participants who expect 

to use 7 or more visualisations also intend to engage more in 

discussion. A proportionally higher number of students who 

expect to use only two visualisations, also expect to engage less in 

attempting to change values or explain their viewpoint. 

Table 4: Students’ stated purposes for viewing the OLM. 

Purposes Mean Median Range 

Compare levels in topics 4.4 4 3-5 

Plan 4.68 5 4-5 

Think about competencies 4.52 5 2-5 

Identify strengths / difficulties 4.6 5 3-5 
 

Table 5: Number of purposes for viewing the OLM. 

 Four 

purposes 

Three 

purposes 

Two 

purposes 

One 

purpose 

Students 23 1 0 1 

 

Figure 10: Students’ expectations for using discussion feature. 

 

 

x – number of visualisations; y – number of students 

Figure 11: Discussing, explaining (upper); not discussing, not 

explaining (lower).  

 

Table 6: Students’ expectations for using discussion feature. 

Discussion Components Mean Median Range 

Discuss value (agree) 3.44 4 1-5 

Discuss value (disagree) 3.88 4 2-5 

Explain viewpoint (agree) 3.6 4 2-5 

Explain viewpoint (disagree) 3.84 4 2-5 

View evidence (agree) 4.4 5 2-5 

View evidence (disagree) 4.48 5 2-5 
 

3.3 Discussion 

As shown in Figure 8, participants anticipated that they would use 

the simpler skill meters, table and stars, rather than what may be 

considered more complex visualisations such as radar plot, word 

cloud and treemap. Most expected to use multiple visualisations. 

While we have already seen that most of these visualisations will 

be used by university students in practice [8], identifying that 

students would consider some visualisations beneficial before they 

use an OLM on a voluntary basis leads us to be more confident 

that they might take the first steps also in contexts in which there 

is no support for their use of the technology, and in a subject that 

is not related to technology (in contrast, for example, to [8]). Even 

if their predictions about their use of the technology do not match 

how they subsequently use it (see [35]), their expectations of the 

utility of certain visualisations might motivate them to initially 

engage with the OLM. 

 As previously stated, skill meters are amongst the most common 

learner model visualisation, and it appears that this and similar 

displays are also considered likely to be beneficial by a large 

proportion of students before thy use an OLM. Therefore, while 

there might be a strong case for using complex visualisations: for 

example, where extensive relationships between different parts of 

the domain need to be understood (as is perhaps easier with the 

network view), or expertise across areas of a curriculum should be 

easily identifiable (as facilitated by the radar plot), inclusion of a 

simpler visualisation might help engage students initially. It could 

be argued that our participants had limited experience of the 

visualisations available, and that for this reason they preferred the 

simpler visualisations. However, this is the same situation as they 

faced before first using the OLM on an optional basis. Therefore, 

our first recommendation to OLM developers is: 

1. As well as any visualisations that are particularly relevant to 

the specific context, include simpler visualisations such as skill 

meters or similar displays to help students identify a visualisation 

they can envisage using. 

We also found that most students expected to use multiple 

visualisations. This has also been observed in practice [6; 8; 30; 

42], and because students anticipated this also before using the 

OLM, we recommend: 

2. Offer multiple learning visualisations in an OLM to allow 

students to identify a range of options that they consider suitable. 

In cases where specific visualisations are likely to be most 

appropriate, their use can still be encouraged when students access 

the OLM.  

Table 3 showed that there were no participants who expected to 

use only unstructured visualisations, with quite an equal split 

between expected use of structured visualisations only, and both 



structured and unstructured views. We do not know from this data 

whether the fact that some visualisations were structured, 

contributed to the preferences suggested for them. However, until 

this has been investigated further, to facilitate awareness of 

competency, topic or other structures, we suggest to: 

3. Offer at least one structured visualisation in an OLM.  

We also found that 23 of the 25 participants expected to use both 

quantised and continuous visualisations. However, since this 

distinction may be difficult to determine without actual use of the 

OLM, and because half the visualisations are quantised, and half 

continuous, we do not draw any conclusions at this stage. 

However, we suggest this as a feature for further investigation. 

Figure 9, Table 4 and Table 5 show participants’ stated intentions 

regarding how they expect to use the visualisations. Nearly all 

(24) want to use them to help identify their strengths and 

difficulties; 23, to support reflection (here defined as “think about 

competencies”); all 25 stated that they expected to use the 

visualisations to plan what to work on next; and 24 stated that 

they wish to compare their levels across the topics. This indicates 

that the participants view the OLM as a potentially useful support 

for metacognitive activities, which have long been amongst the 

main purposes of OLMs (see [3]), and now increasingly noted as 

important in learning analytics visualisations [15; 18]. We do not 

know whether our participants recognised these benefits because 

we asked about them specifically. We would hope that they would 

identify this in any case, but to be sure we give the perhaps rather 

obvious reminder: 

4. Explain how an OLM can support metacognition and self-

regulated learning to ensure that learners are aware of this 

purpose. 

In line with other research suggesting the utility of providing 

evidence for learner model values (eg [24]), Figure 10 and Table 6 

indicate that participants are keen to see the evidence for the data 

in their OLM, regardless of whether they agree or disagree with 

the values. This may be related to their keenness to reflect on their 

learning, as discussed above – they may view the evidence as a 

support for their self-directed learning. We therefore recommend 

to: 

5. Offer evidence for learner model values, as a means to 

facilitate self-monitoring, reflection, planning, etc. 

Most participants also stated that they wanted to explain their 

point of view to the system: around two thirds of the participants 

when they disagree with a value, and about half also if they agree 

with it. This further supports our suggestion that students may 

view the OLM as a useful tool to support metacognition. Based on 

this, we suggest to: 

6. Offer provision for learners to justify their own viewpoints on 

their understanding, skills, etc., as a means to further prompt 

metacognitive processes, even if an open learner model does not 

have a persuade or negotiate facility.  

This is further supported by participants’ interest in discussing the 

learner model values: 19 stated that they would wish to discuss a 

value if they disagreed with it, while 14 would like to do so also if 

they agreed with it. It appears that some perceive they would 

benefit from such discussion regardless of whether they aim to 

change a value. We therefore propose: 

7. Allow students to discuss the contents of their learner model 

with the system if this is feasible in the context of use (i.e. if the 

learner modelling is sufficient to be able to support this). 

Given that we have presented results on both visualisations and 

learner model discussion options, we also compared the number 

of visualisations expected to be used, with whether participants 

anticipated discussing and explaining their learner model. (We 

omitted the options relating to viewing evidence, as these applied 

to all participants.) The 3 students who anticipated using a very 

high number of visualisations also intended to engage in the 

metacognitive purposes for viewing the learner model. However, 

this may simply reflect the fact that they wish to make full use of 

the support available. Conversely, students who did not expect to 

engage in any of the metacognitive activities associated with the 

OLM, were proportionally more likely to use only two 

visualisations. However, the numbers are quite low. We therefore 

do not conclude anything specific in relation to this, but rather, 

await additional results.  

Our original purpose was to investigate the extent to which 

students anticipate using different features of an OLM in a 

formative assessment setting, where there are no scheduled 

sessions for use of the OLM. The aim was to be able to 

recommend what to consider when developing and first deploying 

an OLM amongst a group such as this. One aspect of interest is 

the persuade feature, that we aim to develop into full negotiation 

(i.e. where student and system will have equal power, and the 

same moves will be available to each). We found that most 

students would want to discuss their OLM values, explain their 

viewpoints and, especially, view evidence for the learner model 

values. This often appears to be the case even if students agree 

with the representations in their model. We therefore broaden our 

initial goal, and suggest that features that aim primarily to support 

persuasion or negotiation, may also facilitate metacognition more 

generally. This is nicely in line with the aim of OLMs to facilitate 

metacognitive activities [3], and with the call for learning 

analytics visualisations to be pedagogically useful [22], actionable 

[2], and to support metacognition [18] and self-directed learning 

[15]. It also offers further support for long-standing 

recommendations to provide evidence for learner model values 

also in OLMs that are not persuadable or negotiable [24]. 

A limitation of this study is that participants had not yet used the 

OLM. However, it was also precisely this stage that we wished to 

investigate. Even though they had not yet had the opportunity to 

try out the OLM themselves, they appeared to be keen to engage 

with it. It is important that students perceive benefit if they are to 

take up a new tool that is not part of their summative assessment, 

and for which there is little or no time available to support its use. 

We have therefore made a few recommendations or suggestions 

for what to include in an OLM or OLM introduction, that might 

help students recognise the likely benefits, and lead them to 

engage and then experience these, in contexts where there are no 

structured sessions and use of the OLM is optional. While we here 

focused in particular on OLMs, some of the points may also be 

applicable in other types of learning analytics visualisations 

designed for students. Our findings should also be followed up 

with a larger group of participants. 

4. SUMMARY AND CONCLUSIONS 
This paper has presented the LEA’s Box OLM, which offers 10 

visualisations, and the possibility for students to try to persuade 

the system to change any learner model values that they disagree 

with. Our aim was to step back from the use data as has been 

reported previously, to consider learner perceptions at the time of 

introduction of an OLM. We found that, in a university setting 

with no scheduled sessions or support for using the OLM, and 

where there was no summative assessment associated with the 



activities that would provide the data, students were nevertheless 

keen to use it to support their learning. Most stated that they 

intended to use a combination of visualisations, and also that they 

expected to engage in the metacognitive aspects of the OLM. In 

particular, students reported that they wanted to be able to view 

the evidence for OLM values, regardless of whether they would 

want to try to change those values. We therefore extended our 

scope to suggest not only that the processes of persuading a 

system to change a value in an OLM might be beneficial to 

learning, but also that inclusion of such features in OLMs that do 

not allow students to try to change values, may also be able to 

facilitate metacognitive activities. 

Based on this initial study, we have made several 

recommendations or suggestions regarding introduction of, and 

features of an OLM, for those deploying OLMs and for OLM 

developers. Future work will compare these initial perceptions to 

actual usage based on questionnaires and log data, to determine 

whether use remains in line with the initial expectations. If there is 

a difference it will be important for future research to consider 

both initial perceptions and subsequent use, to ensure that students 

in contexts such as ours will anticipate sufficient benefit to 

initially engage with the OLM. Subsequent use will then help 

identify which features are most used and most useful as a 

learning support. Taken together, this information will help us to 

design and introduce OLMs that will be used and be useful in 

practice. 
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