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Abstract—Virtual Learning Environments (VLE) 

offer a wide range of courses and learning supports 

for students. Such innovative learning platforms 

generate daily a huge quantity of data, regarding the 

interactions among the students and the VLE. To 

analyze these big educational data a new research 

branch called educational data mining (EDM) has 

emerged, that puts together computer scientists and 

pedagogues researchers’ expertise. So far, 

educational data have been studied as stationary data 

by traditional machine learning methods. Rather, 

educational data are non-stationary in nature and can 

be better analyzed as data streams. In this paper we 

investigate the use of an adaptive fuzzy clustering 

algorithm called DISSFCM (Dynamic Incremental 

Semi-Supervised FCM) to process educational data 

as data streams and predict the students’ outcomes to 

one exam module. Numerical experiments on the 

Open University Learning Analytics Dataset 

(OULAD) show the reliability of DISSFCM in 

creating good classification models of educational 

data. Index Terms—Educational Data Mining, 

Virtual Learning Environments, Data stream 

classification, Fuzzy clustering. 

I. INTRODUCTION 

Educational tools have drastically changed in the last 

decades, thanks to the advent of digitization and 

Internet. The use of Virtual Learning Environments 

(VLEs) has exponentially increased, because, on the 

one hand a great reduction in management costs is 

achieved, if compared to physical universities, and on 

the other hand the students’ enrolling is facilitated, by 

eliminating the physical distance between them and 

the university. Moreover, VLEs allow personalized 

student support measures that take into account their 

needs, their weaknesses and strengths. The daily 

interaction of students with VLE platforms produces 

a large amount of data describing the student himself. 

It is a digital footprint of how each student is 

engaging with the learning materials and activities.  

Thanks to the increased availability of this 

kind of data, a new research branch called 

Educational Data Mining (EDM) has recently 

attracted lot of interest. EDM uses Machine Learning 

techniques to analyze educational data in order to 

extract students’ behavior models useful to predict 

their future performances. The possibility to detect, 

during the learning process, any risks of failure for 

the enrolled students, represents a very powerful tool 

for all the stakeholders that are involved in VLEs, 

such as teachers, tutors, students, and managers. 

Indeed, all of them could take advantage from 

information embedded in students models by 

different point of views. Particularly adaptive 

feedback, customized assessment, more personalized 

attention to prevent student failures [27] and to 

improve student retention [32], could be implemented 

by considering the suggestions coming from a data 

analysis process. 

II. EXISTING SYSTEM 

Several studies proved that machine learning 

techniques can be successfully used in the 

educational field [9]–[11], [16]. In [3], [6] the hidden 

learners skills, that are necessary to pass a test, are 

automatically extracted in form of Q-matrix from the 

questionnaires results. In [28], [29], [31], [34] 

learning analytics methods to support the big quantity 

of data coming from student-VLE interactions have 

been proposed. Several methods have been proposed 

to predict students’ performances [2], [12], [21] or to 

measure students’ satisfaction [33]. In [8], [20] 

learners are grouped in categories that are extracted 

from empirical data. Finally, visualization techniques 

have been used to directly observe the interactions 

between students and VLEs [15], [18], [23].  
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However, to the best of our knowledge, none of the 

proposed solutions takes into account the intrinsic 

streaming nature of educational data. They are big 

data that are continuously produced and that may 

evolve during the time. To analyze such kind of 

stream data we need incremental algorithms that are 

able to process the data sequentially and maintain a 

summary of the data using less space than the size of 

the data. Furthermore, although data are possibly 

unlimited, algorithms should use limited 

computational and storage resources, and have 

limited direct access to the data but need to provide 

answers in nearly real time [1], [13], [14]. 

Incremental and adaptive algorithms fit naturally to 

this scheme, since they can continuously incorporate 

new information into the constructed model, and 

traditionally aim for minimal processing time and 

space. Due to their ability of continuous large-scale 

and realtime processing, adaptive learning algorithms 

have gained more attention particularly in the context 

of Big Data [17] 

III. PROPOSED SYSTEM  

In [5] we proposed an incremental and 

adaptive clustering algorithm called DISSFCM 

(Dynamic Incremental Semi-Supervised FCM) which 

is specifically designed for data stream classification. 

DISSFCM is an incremental and semi-supervised 

version of the well known Fuzzy C-Means (FCM) 

clustering algorithm that is applied to subsequent, 

non-overlapping chunks of data assumed to 

be continuously available during time. The clusters 

are formed from a chunk via a Semi-Supervised FCM 

clustering and when the next chunk becomes 

available the clustering is run again starting from 

cluster prototypes inherited from the previous chunk, 

and a new model is created, by adapting the previous 

one to the new data [7]. The Semi-supervised nature 

of DISSFCM enables the construction of 

classification models leveraging unlabeled samples 

together with a few labeled ones, thus overcoming 

the limitation of most existing data stream 

classification methods requiring the availability of 

completely labeled data. The DISSFCM method has 

been successfully applied in the classification of data 

streams coming from different sources [4]. 

In this paper we investigate the use of 

DISSFCM as a tool to analyze educational data and 

derive useful models to predict the students’ 

behavior. In particular, we study the effectiveness of 

DISSFCM on the Open University Learning 

Analytics Dataset (OULAD) [19]. Preliminary 

experimental results show that DISSFCM can be an 

effective method to perform educational data stream 

mining. 

IV. METHODOLOGY 

According to [27], the analysis of educational data 

involves four main iterative steps (fig. 1):  

1) Data collection: different kind of data, coming 

from the VLE interactions and contents, are collected 

and represented in a structured form, as a database.  

2) Data pre-processing: depending on the data 

analysis goal, data are filtered, aggregated or 

manipulated, in order to obtain a significant dataset.  

3) Data analysis: one or more machine learning 

methods are applied to the filtered data to derive a 

model that could be used, for example, to predict the 

students’ performances.  

4) Data interpretation: results coming from 

automatic methods need to be interpreted by domain 

experts to support their decisions [30]. 

 In order to have significant results, the 

analysis should be conducted with a clear idea of the 

final actors: students, teachers and/or managers [22]. 

Students may be interested in discovering strengths 

and weaknesses in their learning method so as to 

remedy to any deficiencies. Teachers may be 

interested in grouping the students according with 

their study level, to better assess their teaching 

methodologies. Managers could be interested in 

statistics about abandonment rate and its causes. In 

this work we focus on educational data mining to 

predict students’ outcomes, by analyzing general and 

behavioral factors that influence the results. This kind 

of analysis turns 
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out to be helpful for managers and teachers, who can 

use the analysis feedback to limit the failure causes 

and to improve their courses. For example, if the 

interaction with a particular resource is crucial for the 

students’ success, teachers will be strongly invited to 

use this resource in their courses. On the contrary, if 

a particular condition, such as coming from a risk 

area or having a low instruction level, is shown to be 

correlated to the students’ failures, support activities 

should be undertaken to help the learning process of 

these categories of students. 

 In this work the data collection step has been 

skipped, since a freely available dataset has been 

used. Specifically, we have used the Open University 

Learning Analytics Dataset (OULAD)1 for the 

analysis. It provides data containing on-line courses 

information, such as students’ general information, 

students’ interactions with the VLE, courses’ 

information. 

 

A. Data pre-processing  

A selection of the OULAD dataset including 

data coming from a single course (code ’DDDD’) has 

been considered. It includes information about 100 

students, including general information (such as 

gender, age, to be grown up in risk areas, etc..), 

behavioral information coming from the interaction 

with the VLE, and assessment results. Each student is 

described by the following attributes:  

A1) Gender: the students’ gender (M/F)  

A2) Highest education: the highest UK student 

education level when enrolled (A Level or 

Equivalent, Lower Than A Level, HE Qualification 

or No Formal quals)  

A3) Imd band: the Index of Multiple Deprivation2 

band value of the place where the student lived when 

enrolled. It is an UK government measure to evaluate 

deprived areas in English local councils. It could 

assume percentage values in 0−100 representing the 

risk levels (0 for low, 100 for high). 
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A4) Age band: Three students’ age bands have been 

considered: [0-35], [35-55], greater than 55  

A5) Number of previous attempts: the number of 

times the student has attempted the current module  

A6) Studied credits: the total number of credits that 

the student is interacting with, simultaneously with 

the module  

A7) Disability: student’s disability conditions (Y/N)  

A8) Number of assessments: number of the 

student’s submitted assessments for the module  

A9) Average assessments score: the average 

student’s assessments score for the current module 

 Additional attributes describe the number of 

interactions (clicks/visualizations) that the student 

has performed on the VLE using ten different 

educational supports: 

A10) quiz: questionnaires regarding the module 

contents  

A11) forum: interactive platform to connect students 

together  

A12) glossary: hyper-link dictionary that explains 

particular words in the module  

A13) homepage: module homepage  

A14) out collaboration: collaborations among 

students  

A15) out content: extra platform material suggested 

by the professor  

A16) resource: extra material given by the professor  

A17) wiki: wiki pages, students and professor can 

interact with  

A18) subpage: course subpages that focus on a 

particular topic  

A19) url: external resources, liked by the professor. 

 The class attribute C indicates the Final 

result i.e. whether the student has passed or not the 

current module (fail/pass). Ordinal attributes have 

been converted into numerical values for subsequent 

processing through the DISSFCM algorithm. 

B. Data analysis 

 To analyze the educational data and derive a 

classification model capable to predict the final result 

of a student, we used our data stream classification 

method based on an incremental semi-supervised 

fuzzy clustering algorithm called DISSFCM [5]. The 

method assumes that data belonging to different 

classes (fail/pass) are continuously available during 

time in form of chunks, i.e. sub-sets of data with their 
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own class distribution. The clusters (and their 

prototypes) are formed starting from a single chunk 

via the SSFCM (Semi-Supervised FCM) clustering 

[24] and when the next chunk becomes available the 

clustering is run again starting from cluster 

prototypes inherited from the previous chunk in order 

to preserve memory of the previously discovered 

relations. 

 In real-world contexts, such as in the case of 

educational data, the underlying distribution of data 

may change over the time. The DISSFCM algorithm 

can cope with these changes because it is able to 

evolve the classification model by dynamically 

adapting the produced clusters to the new incoming 

data. Specifically, the model adaptation is based on a 

splitting mechanism that is applied from time to time 

depending on the quality of current clusters. When 

the cluster quality deteriorates from one data chunk 

to another, the cluster with lowest quality is split in 

two clusters via a contextual fuzzy clustering where 

the context is determined by the cluster to be split 

[25]. The cluster quality is evaluated in terms of the 

reconstruction error [26], which measures the 

difference between the original data and their 

reconstruction operated by averaging the prototypes 

weighted by the membership degrees of data to 

clusters. 

 The algorithm requires the data as a 

sequence of chunks and an initial collection of 

labeled prototypes such that each class label is 

represented by at least one prototype. For each 

chunk, the SSFCM (Semi-Supervised FCM) 

algorithm is applied in order to group data into a 

number of clusters. Each cluster is represented by a 

prototype that is labeled automatically due to the 

semi-supervised nature of SSFCM. Therefore, after 

application of SSFCM on a chunk, each data sample 

is matched against all the labeled prototypes and 

assigned to the class of the best-matching prototype. 

The matching mechanism is based on the standard 

Euclidean distance. At the end, the algorithm returns 

the most recent collection of the prototypes, 

reflecting the data structure of the last data chunk. 

The algorithm is incremental since the collection of 

prototypes returned from one chunk can be used as 

starting point for a new run of the algorithm as long 

as new chunks are available from the data stream, as 

it is shown in fig. 2 

C. Data interpretation  

The output of DISSFCM is a collection of cluster 

prototypes that synthesize the data in a chunk. 

Specifically, each cluster prototype is a medoid that 

summarizes the attributes of all the student items 

belonging to that cluster. In this sense, each prototype 

can be interpreted as a typical student profile arising 

from data. The analysis of these profiles can provide 

more insight into common characteristics among 

student items. For example, teachers may be able to 

discover the causes of the students’ failures by 

analyzing in detail each cluster prototype. Hence the 

resulting clusters can provide additional information 

useful to take proper actions oriented to help students 

avoiding failures. 

III. Conclusions & Future Work 

In this paper we have presented a case study of 

educational data mining process involving the 

application of DISSFCM, an incremental semi-

supervised fuzzy clustering algorithm for data stream 

classification. The Open University Learning 

Analytics Dataset (OULAD) has been processed as a 

data stream via DISSFCM to extract a classification 

model capable to predict the students’ outcomes. The 

DISSFCM algorithm has shown to be able to adapt 

and evolve the classification model to new incoming 

data. Preliminary numerical results have shown the 

effectiveness of the proposed method in correctly 

classifying students’ outcomes by processing 

educational data as a stream.  

Further work is in progress to carry out a 

deeper analysis of the clusters resulting from 

DISSFCM in order to investigate the main factors 

that influence the students’ failures or successes. This 

kind of analysis may help all the stakeholders 

involved in the VLEs to better design courses on the 

basis of different student profiles. In addition, future 

work will be addressed to better investigate the 

effectiveness of DISSFCM when dealing with huge 

collections of more complex and heterogeneous 

educational data. 
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