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Abstract—Both educational data mining (EDM) and learning 
analytics (LA) focus on applying analytics and data mining 
techniques to extract useful information from large data sets. 
EDM is generally more interested in automated methods for 
discovery within the educational data while LA is relatively keen 
on applying human-led methods to understand the involved 
learning processes. Among the various fields of challenging 
studies in EDM, domain structure discovery is aimed to find the 
structure of knowledge in an educational domain, such as 
formulating the prerequisite requirements among various 
knowledge components through online educational resources. 
However, with the vast amount of knowledge components in 
specific subjects, the process of such formulation is very 
complicated and time-consuming no matter being done manually 
or semi-automatically. In this work, we propose a systematic 
framework of a semi-supervised learning approach in which a 
concept-based classifier is co-trained with an explicit semantic 
analysis (ESA) classifier to derive a common set of prerequisite 
rules based on a diverse set of online educational resources. To 
demonstrate its feasibility, a working prototype is built with some 
impressive results obtained in specific engineering subjects. More 
importantly, our proposal sheds light on many possible directions 
for future exploration. 

Keywords—educational data mining; explicit semantic analysis; 
knowledge components; semi-supervised learning. 

I.  INTRODUCTION 
Both educational data mining (EDM) [1, 2] and learning 

analytics (LA) [3] focus on applying analytics and data mining 
techniques to extract useful information such as concepts or 
learners’ patterns from large educational data sets so as to 
better understand the learning processes, thus contributing to 
both the theory and practice of learning sciences and/or 
education philosophy. Generally speaking, studies in EDM is 
relatively more keen in applying automated methods for 
discovery within the educational data while researchers in LA 
are more interested to utilize human-led methods in order to 
understand the involved learning processes. Among the various 
fields of challenging studies in EDM, domain structure 
discovery [3, 4] is targeted to find the structure of knowledge 
in an educational domain, such as formulating the prerequisite 

requirements among various knowledge components through 
online educational resources. However, with the vast amount of 
knowledge components in some specific subjects, the process 
of such formulation is very complicated and time-consuming 
no matter being done manually by human experts or semi-
automatically with the aid of computers.  

To tackle this challenging task of domain structure 
discovery in EDM, we propose in this work a systematic 
framework of a semi-supervised learning approach [5] in which 
a concept-based classifier is co-trained with an explicit 
semantic analysis (ESA) classifier [5, 6] to derive a common 
set of prerequisite rules based on a diverse and potentially more 
objective set of online educational resources. To demonstrate 
its feasibility, a working prototype of our proposed framework 
is built with some impressive results obtained in specific 
engineering subjects like the computer architectures. 
Furthermore, our proposal sheds light on many possible 
directions including a more thorough evaluation on the 
effectiveness of our proposed framework and its pedagogical 
impacts for future exploration. 

This paper is organized as follows. Section II reviews the 
previous work and preliminary concepts required for the 
subsequent discussion. Section III details our proposed 
framework consisted of a semi-supervised learning approach to 
tackle the complex task of domain structure discovery in EDM. 
Section IV carefully discusses and analyzes the empirical 
evaluation results obtained by our initial prototype. Section V 
summarizes our work with some possible directions for future 
exploration. 

II. PRELIMINARIES 
This section considers some preliminary concepts and 

relevant work including the diversity of open educational 
resources, educational data mining techniques and the on-
going research work in the challenging domain structure 
discovery that are important for our subsequent discussion. 

A. Open Educational Resources 
Nowadays, there are diverse sources of open educational 

resources (OER) [8, 9, 11, 12, 13, 15] including the widely 
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adopted Multimedia Education Resource for Learning and 
Online Teaching (MERLOT) [12] as a collection of free and 
open online teaching, learning, and faculty development 
services contributed and used by an international education 
community. MERLOT has been particularly influential in the 
development of OER and hosts one of the world's largest 
collections of Open textbooks through the Open Textbook 
Project in collaboration with student-run Public Interest 
Research Groups [14]. On top of it, it has been cited as one of 
the most effective electronic portals for health care 
information. Besides MERLOT, the Wikipedia [15] and 
relevant online repositories represents another important source 
of OER, some of which are facilitate by the IEEE Learning 
Object Meta-data standard [10]. Other examples of OER 
include the MIT edX [9], Coursera [8], Khan Academy [11], 
and OER Commons [13]. Some of these OERs are multimedia 
materials such as video clips while others involve textual 
contents that may be translated into the IEEE LOM metadata. 
It is worth noting that this research study will focus on the 
latter case yet with some flexibility in which the textual course 
materials like reference books or lecture notes may contain 
some incomplete information for translation into the IEEE 
LOM metadata. 

B. Educational Data Mining 
Educational data mining [1, 2] involves the uses of data 

mining techniques to discover useful patterns and/or relevant 
information from large educational data sets to facilitate a 
deeper understanding of the concerned knowledge structure 
and involved learning processes across most learners. 
Basically, researchers in EDM are more interested in 
automated methods for discovery within educational data. They 
tend to emphasize on modeling specific constructs and the 
relationships between them, and then look into applications in 
automated adaption, such as an intelligent tutoring system to 
identify a need and automatically changes the online materials 
and/or quiz questions to personalize the learner’s experience. 

C. Domain Structure Discovery 
Domain structure discovery is targeted to find the structure 

of knowledge in an educational domain. For instance, how 
certain course content can be mapped to specific knowledge 
components or skills, and how such knowledge components 
may be related to one another in a specific subject area, etc. 
Intrinsically, it may consist of mapping problems in 
educational software to specific knowledge components, 
mapping question items to skills [7]. Such techniques are 
essential in tackling problems in EDM as well as monitoring 
any individual learner’s progress in an intelligent tutoring 
system. 

III. OUR PROPOSED SEMI-SUPERVISED LEARNING APPROACH 
Typically, the supervised learning approach requires a large 

number of training examples in order to construct a generalized 
model of the feature space. Training examples are essentially 
labeled data, with the true classification results be known in 
advance. However, in many practical applications, labeled data 
is costly to obtain because it often requires domain experts to 
manually classify training examples. In contrast, the cost of 
acquiring unlabeled data is much lower. On the other hand, 
semi-supervised learning exploits unlabeled data together with 

the labeled data to train a classier with a smaller number of 
examples. 

The co-training method assumes two sets of features 
generated from two sufficient and redundant views, and the 
two sets of features should be conditionally independent to 
each other given the class label. Intrinsically, semi-supervised 
learning with co-training is a method that trains two classifiers 
simultaneously. Through cross referencing of the computed 
results and confidences of both classifiers, the co-training 
process forces both classifiers to agree upon a data model that 
can generalize the data in both views to build a potentially 
more effective classifier. 

In our context, labeled data are the example precedence 
rules extracted from the learning object metadata. And the 
remaining learning object pairs form a set of unlabeled 
precedence rules. Two feature sets are generated using the bag-
of-word (BOW) approach and the explicit semantic analysis 
(ESA), each feature set includes the semantic relatedness and 
generality difference of the learning object pairs ( )ji ll , . The 

generality difference is given by )(log)(log 1010 ji gg − , 

where ig and jg denoting the generality values of il and jl
respectively.  

Fig. 1 shows the detailed steps of the co-training process of 
both BOW-based and ESA-based classifiers. Strictly speaking, 
the BOW and ESA features are not conditionally independent 
since both representation methods represent documents by a set 
of basic concepts. However, our experimental results revealed 
that even when the views are weakly dependent, the generated 
classifier may still show some improvement when compared to 
the classifiers trained with the conventional supervised learning 
approach. 

 
Fig. 1. Our proposed semi-supervised learning algorithm with the co-trainnig 
of classifiers using the BOW and ESA features 

The training steps of our proposed semi-supervised learning 
approach can be clearly explained as follows: Initially, the co-
training method trains two classifiers with the labeled data, and 
the set of unlabeled examples (together with the predicted 
labels) that both classifiers have the highest confidence is used 
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to augment the training set for the next iteration, and the 
training process repeats until the whole training set is 
converged, i.e. without any new example to be added at the 
next iteration. This co-training method simply assumes that 
both views are sufficient to train a good classifier. Otherwise, 
we should not trust the classification results, and expanding a 
training example set with untrustworthy examples will likely 
lead to a worse or less effective classifier. 

 
Fig. 2. The potential application of our proposed semi-supervised learning 
approach in an intelligent eLearning system  

Fig. 2 demonstrates the potential application of our 
proposed semi-supervised learning approach to construct a 
likely more effective precedence rule classifier for the 
underlying domain knowledge structure discovery. The 
ultimate result is a set of more useful or valuable precedence 
rules that can be fed into an evolutionary optimizer to compute 
a more optimized and personalized learning path/sequence [6] 
for each individual learner in an intelligent tutoring system. 

IV. OUR EMPIRICAL EVALUATION 
To demonstrate the feasibility of our proposed semi-

supervised learning framework, a prototype was implemented 
with the dynamic and object-oriented Ruby programming 
language, and also thoroughly tested in 2 months. Specifically, 
a Year-1 core Engineering course, namely ELEC 1401 – 
Computer Organization and Microprocessors, in the Faculty of 
Engineering, the University of Hong Kong, is chosen to 
evaluate the effectiveness of our proposed semi-supervised 
learning approach with co-training against those of supervised 
learning approaches using the bag-of-word (BOW) or explicit 
semantics analysis (ESA) features only. 

Before conducting the experiment, an XML file containing 
the underlying domain knowledge of “computer organization” 
and “microprocessors” was downloaded from the Wikipedia 
repository [15]. The original Wikipedia data contains 910,989 
articles, and 169,789 articles are kept after removing:  

(1) the articles that are shorter than 100 words after stop 
word removal; and  

(2) the articles that describe a specific date, the 
Wikipedia disambiguation pages and the category 
pages.  

Only the title, inter-article links and article content were 
used in our experiment. After being processed by an ESA-
based semantic analyzer, a list of relevant concepts/keywords 
for the course ELEC 1401 is generated. Table I shows such list 
of relevant concepts as sorted in the descending order of 

concept weighting with respect to the set of Wiki-articles. 
Within the table, each boldfaced column heading denotes a key 
topic in the relevant course, followed by a list of 
concepts/keywords under that concerned topic.  

 

 

TABLE I.  A LIST OF CONCEPTS FOR THE COURSE ELEC1401 

Representation of numbers Base/Radix conversion 
Binary numeral system 
Computer numbering formats 
Hexadecimal 
Analog-to-digital converter 
Endianness 
PaX 
Linux Standard Base 
WavPack 
Method of complements 
Numeral system 

Binary numeral system 
Computer numbering formats 
Hexadecimal 
Cooley-Tukey FFT algorithm 
Numeral system 
Method of complements 
Intel BCD opcodes 
Continued fraction 
Napier’s bones 
Proof that 0.999…equals 1 

Two’s complement subtraction IEEE floating point 
representation 

Computer numbering formats 
PaX 
Two’s complement 
WavPack 
Analog-to-digital converter 
Apollop Guidance Computer 
Method of complements 
X86 assembly language 
Binary assembly system 
Media and ethnicity 
C programming language 

Computer numbering formats 
Floating point 
Media and ethnicity 
IEEE floating point standard 
Endianness 
Analog-to-digital converter 
Scientific notation 
PaX 
Microeconomics 
Significant 

 

Based on the large set of processed Wikipedia articles, and 
the relevant list of concepts collected in Table I, we perform a 
set of experiments to evaluate the performance of the following 
3 rule classifiers.  

1. Supervised (BOW): a Naïve Bayes classifier 
trained by the BOW features; 

2. Supervised (ESA): a Naïve Bayes classifier 
trained by the ESA features; 

3. Semi-supervised: co-training of two Naïve Bayes 
classifiers with one of them trained by the BOW 
features while another one trained by the ESA 
features.  

Fig. 3 shows the performance of the above 3 rule classifiers 
in terms of the ratio of example precedence rules obtained and 
their objective scores measuring the quality of the precedence 
rules obtained. Precisely, the objective score is measured by the 
sum of distance from those precedence rules formulated by the 
human experts for the course ELEC 1401. Therefore, a smaller 
objective score indicates a better performance of the concerned 
rule classifier. 
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Fig. 3. The performance of our proposed semi-supervised learning approach 
and the supervised learning approaches on the precedence rule classification 

As shown in Fig. 3, our experimental results reveal that the 
supervised (ESA) classifier performs consistently better than 
those by the supervised (BOW) classifier, thus demonstrating 
the possible advantages of using the ESA features over the 
BOW ones for the supervised learning approach. More 
importantly, the results clearly show the effectiveness of our 
proposed semi-supervised learning approach on classifying the 
precedence rules for the knowledge structure discovery. In 
particular, the most prominent strength of our proposal is 
revealed when there are only a very limited number of training 
examples, i.e. with the ratio of training examples < 0.1. In such 
challenging cases, a classifier trained with the conventional 
supervised learning approach may not be able to learn a 
generalized data model due to insufficient training examples, 
thus leading to a less effective classifier. On the other hand, our 
proposed semi-supervised classifier with co-training can learn 
a better data model with only a relatively small number of 
training examples, thus showing the great potential of our 
proposed semi-learning approach in e-Learning systems – 
especially when there are a lot of missing pedagogical relations 
among the relevant concepts or learning objects in many 
existing online educational resources.  

V. CONCLUDING REMARKS 
Domain structure discovery, as one of the very challenging 

studies in educational data mining (EDM), is targeted to find 
the structure of knowledge in an educational domain, such as 
formulating the prerequisite requirements among various 
knowledge components through online educational resources. 
However, with the vast amount of knowledge components in 
specific subjects, the process of such formulation is often very 
complicated and time-consuming no matter being done 
manually or semi-automatically. In this paper, we propose an 
effective and systematic framework of a semi-supervised 
learning approach in which a concept-based classifier using the 
bag-of-word (BOW) approach is co-trained with an explicit 
semantic analysis (ESA) classifier to derive a common set of 
precedence rules based on a diverse set of online educational 
resources. To demonstrate its feasibility, a working prototype is 
built with some impressive results obtained in some specific 
engineering subjects such as ELEC 1401 – Computer 

Organization and Microprocessors in the Faculty of 
Engineering, the University of Hong Kong. More importantly, 
our proposal of semi-supervised learning approach sheds light 
on many possible directions including the integration with 
other sophisticated optimizers such as the evolutionary 
algorithms to formulate more optimized learning paths for 
personalized learning, the pedagogical and other impacts of our 
proposals to sophisticated e-Learning systems for future 
exploration. 
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