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3   Drawbacks and solutions 

In the association rule mining area, most of the research efforts went in the first place 
to improving the algorithmic performance [29], and in the second place into reducing 
the output set by allowing the possibility to express constraints on the desired results. 
Over the past decade a variety of algorithms that address these issues through the 
refinement of search strategies, pruning techniques and data structures have been 
developed. While most algorithms focus on the explicit discovery of all rules that 
satisfy minimal support and confidence constraints for a given dataset, increasing 
consideration is being given to specialized algorithms that attempt to improve 
processing time or facilitate user interpretation by reducing the result set size and by 
incorporating domain knowledge [30].  
 There are also other specific problems related to the application of association rule 
mining from e-learning data. When trying to solve these problems, one should 
consider the purpose of the association models and the data they come from. 
Nowadays, normally, data mining tools are designed more for power and flexibility 
than for simplicity. Most of the current data mining tools are too complex for 
educators to use and their features go well beyond the scope of what an educator 
might require. As a result, the courses administrator is more likely to apply data 
mining techniques in order to produce reports for instructors who then use these 
reports to make decisions about how to improve the student’s learning and the online 
courses. However, it is most desirable that teachers participate directly in the iterative 
mining process in order to obtain more valuable rules. But normally, teachers only use 
the feedback provided by the obtained rules to make decisions about modification to 
improve the course, detect activities or students with problems, etc.   
 Some of the main drawbacks of association rule algorithms in e-learning are: the 
used algorithms have too many parameters for somebody non expert in data mining 
and the obtained rules are far too many, most of them non-interesting and with low 
comprehensibility. In the following subsections, we will tackle these problems. 

3.1 Finding the appropriate parameter settings of the mining algorithm 

Association rule mining algorithms need to be configured before to be executed. So, 
the user has to give appropriate values for the parameters in advance (often leading to 
too many or too few rules) in order to obtain a good number of rules. A comparative 
study between the main algorithms that are currently used to discover association 
rules can be found in [31]: Apriori [32], FP-Growth [33], MagnumOpus [34], Closet 
[35]. Most of these algorithms require the user to set two thresholds, the minimal 
support and the minimal confidence, and find all the rules that exceed the thresholds 
specified by the user. Therefore, the user must possess a certain amount of expertise 
in order to find the right settings for support and confidence to obtain the best rules.  
 One possible solution to this problem can be to use a parameter-free algorithm or 
with less parameters. For example, the Weka [36] package implements an Apriori-
type algorithm that solves this problem partially. This algorithm reduces iteratively 
the minimum support, by a factor delta support (∆s) introduced by the user, until a 
minimum support is reached or a required number of rules (NR) has been generated.  
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Table 1. Examples of attributes common to a variety of e-learning systems.  

Attribute Description 
Visited If the unit, document or web page has been visited 
Total_time Time taken by the student to complete the unit 
Score Average final score for the unit 
Knowledge_level Student’s initial and final level in the unit 
Difficulty_level Difficulty level of the unit  
Attempts Number of attempts before passing the unit 
Chat_messages Number of messages sent/read in the chat room 
Forum_messages Number of messages sent/read in the forum 
 

 In this context the use of standard metadata for e-learning [44] allows the creation 
and maintenance of a common knowledge base with a common vocabulary 
susceptible of sharing among different communities of instructors. For example,   the 
SCORM [45] standard describes a content aggregation model and a tracking model 
for reusable learning objects. Although SCORM provides a framework for the 
representation and processing of the metadata, it falls short in including the support 
needed for other, more specific, pedagogical tracking such as the use of collaborative 
resources. In Figure 1, we show a proposed SCORM-based Ontology for association 
rule mining in LMS using standard e-learning attributes. 
 

 
Fig. 1. SCORM based Ontology for association rule mining in LMS. 
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The ontology of Figure 1 includes, besides the standard SCORM attributes, other 
attributes related to the collaborative learning. This could be a good starting point for 
content re-using and for exchanging results between different mining frameworks.  

In order to improve the comprehensibility and suitability of the rules, it will be 
very useful to also provide an ontology that describes the specific domain [44]. In this 
way the teacher can understand better the rules that contain concepts related to the 
domain under study, like “if success in topic A then success in topic B.” 

Finally, another proposal is to use domain specific interactive data mining [46] in 
which the user is involved in the discovery process to find iteratively the most 
interesting results. Domain and problem specific representation are also added to the 
mining process. The user is not just evaluating the result of an automatic data mining 
process, but he or she is actively involved in the design of a new representation and 
the search for patterns. 

4 Conclusions and future trends 

It is still the early days for the total integration of association rule mining in e-learning 
systems and not many real and fully operative implementations are available. In this 
paper, we have outlined some of the main drawbacks for the application of 
association rule mining in learning management systems and we have described some 
possible solutions for each problem.  
 We believe that some future research lines will focus on: developing association 
rule mining tools that can more easily be used by educators; proposing new specific 
measures of interest with the inclusion of domain knowledge and semantic; 
embedding and integrating mining tools into LMSs in order to enable the teacher to 
use the same interface to create/maintain courses and to carry out the mining 
process/obtain direct feedback/make modifications in the course; developing iterative 
and interactive or guided mining to help educators to apply KDD processes, or even 
developing an automatic mining system that can perform the mining automatically in 
an unattended way, such that the teacher only has to use the proposed 
recommendations in order to improve the students’ learning. 
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