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Abstract: 

    Data Mining (DM), sometimes called Knowledge Discovery in Databases (KDD), is a powerful new 

technology with great potential to help companies focus on the most important information in the data they 

have collected via transactions. In the education field, the prediction of students learning performance, 

detection of inappropriate learning behaviours, and development of student profile may be considered e-

learning problems where data mining can successfully solve them. 

    In this paper, the authoress analyses the possibilities to apply data mining approaches in e-learning 

context, to predict the students’ status referring to their activities and the interest in using advanced tutoring 

tools. The experiments were performed on the basis of data provided by an e-learning platform (Moodle) 

regarding the logging parameters of students enrolled on Interactive Tutoring Systems discipline during the 

second semester of current year. 

    Keywords: e-learning, data mining, decision, classification, regression. 

I. INTRODUCTION 

    Many of the typical pedagogies provide little immediate feedback to students regarding educational 

content and require teachers (tutors) to spend hours grading routine assignments. This type of learning isn’t 

very proactive about showing students how to improve comprehension and increase the performance, and 

fail to take advantage of digital resources that can significantly improve the learning process. Data collected 

from learning process inside in a Leaning Management System (LMS), Course Management System (CMS) 

or Virtual Learning Environment (VLE) so-called “big data” make it possible to mine learning information for 

insights regarding student performance and tutoring approaches [13][2]. 
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    A current trend in education is to replace (or combine) teacher-centred learning with student-centred 

learning. It is more important for instructors (teachers) to be able to analyse what students know and what 

approaches are most effective for each student, rather than classify students relying on periodic test 

performance. 

    Online tools (e.g. e-learning platforms) enable the evaluation of a much wider range of student activities, 

such as how long they spent to readings, if they need supplementary documentation, where they get 

electronic resources, and how quickly they learn and understand the key concepts. 

    To accomplish these tasks, the data mining tools are adequate and can offer the answer to many 

questions. Discovering new patterns and future behaviours of students, predicting the exam passing rate, 

identifying the student profile for a certain discipline are just a few problems for data mining in the educational 

field. In literature, this data mining approach in education is known as Educational Data Mining (EDM). 

    In this article, the authoress investigates the potential for improving e-learning in context of data mining. 

    The main goal is to predict the future status of students regarding the interest about Interactive Tutoring 

System discipline, using an e-learning tool – a Moodle platform. The logging data were collected, processed 

and analysed with classification and regression data mining algorithms. The results were compared and the 

best classification model was identified. 

    The paper is organized as follows: section 2 gives information regarding application of data mining in the 

educational field, section 3 describes the predictive data mining algorithms used to solve the e-learning 

problem, section 4 contains the experiments and interpretation of results and the final section presents the 

conclusions about the advantages of data mining approaches for e-learning improvement. 

II.RELATED WORK 

    Data mining is considered the process of discovering new patterns in large data sets involving methods at 

the intersection of many disciplines: artificial intelligence, statistics, mathematical modelling, pattern 

recognition, machine learning and database systems [16][22]. 

    Data Mining can be used to extract knowledge from e-learning systems through the analysis of the 

information available in the form of the enormous volume of data generated by their users (teachers, tutors, 

students, guests). In this case, the main objective becomes finding the student profile for a certain discipline, 

predicting the students abandon, predicting the student’s performance and, perhaps most importantly, 

discovering the students’ learning behaviour patterns. 

    To answer to the question “Where does Data Mining fit in e-learning processes?”, the authoress presents 

examples of various data mining applications retrieved in the literature. 

    In [14], [19], studies on how DM approaches could successfully be incorporated into e-learning 

environments and how they could improve the learning tasks were described. A combination of multiple 

classification algorithms, for the classification of students and the prediction of their final grades, based on 

features discovered from logging data in an e-leaning platform, was described in [13]. The correct 

classification rate and prediction accuracy are improved through the weighting of the data feature vectors 

using a Genetic Algorithm technology. In [11][12], decision trees as classification models were applied. Also 

in [12], an automatic tutoring tool, based on the students’ learning performance and communication 

preferences, for the designing of simple student profiles was described, with the supplementary goal of 

creating a personalized education environment. 

    A DM approaches for classification is association rules [8] and may cover various directions in e-learning 

context, such us: investigating learning recommendation systems [2], improving and optimization of learning 

material [9][10], student learning assessments [7][10], optimization of courses adapted to the students’ 

behaviour [5], finding the best implementation of e-learning strategies and evaluation of educational web 

sites [18]. 

    An interesting topic in e-learning is the prediction problem that may be associated with classification and 

regression problems in data mining. The forecasting of students’ behaviour and performance when using an 

LMS, CMS or VLE imply the potential of facilitating the improvement of virtual courses in e-learning 

frameworks. Course log-files stored in databases could be mined by teachers using predictive data mining 

algorithms (e.g. decision trees, regression, neural networks etc.) to discover important relationships and 

patterns, with the main scope of discovering relationships between students’ knowledge levels, e-learning 
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portal usage times and students’ grades. In [6], a study that aimed to detect and identify the sources of error 

in the prediction of students’ knowledge behaviour was developed. 

    Linear regression was applied in [1] to predict whether the student’s next response would be correct or 

incorrect, and how long the student would need to formulate that answer. In [9], a set of experiments was 

applied in order to predict the students’ performance in e-learning courses, as well as to assess the 

significance of the attributes involved in the data mining model. In this approach, several DM algorithms were 

tested, including: Naïve Bayes, kNN, Neural Network, C4.5, Logistic Regression and Support Vector 

Machines. 

    The examples could go on, but one thing is certain: data mining can be successfully applied in the 

educational field. 

    In the next section, a short description of data mining algorithms regarding prediction problem is presented. 

III.PREDICTIVE DATA MINING 

    The two approaches of prediction problems are classification and regression. Samples of past experience 

(historical data) with known answers are examined and based on them, the labels are generalized to future 

cases. For classification, the answer is true or false. For example, finding the answer to the question of 

whether or not students have passed an exam is a classification problem. For regression, the answer is a 

number. In the prediction problem, the available cases are necessary to train the prediction model. Then, 

additional test data are needed for evaluating the performance of the data mining model. 

    “Predictive data mining is goal directed” [21]. Representative samples of data with known responses, 

synthesizing past experiences in order to accomplish the established goals, are used in predictive mining. A 

classical problem has the following formulation: given a situation and a data warehouse, the prediction of a 

class variable must be done. Predictive data mining can be divided into four important tasks: data 

preparation, data reduction, data modelling and prediction, and case and solution analyses [19]. 

    In the current article, six predictive data mining models were used in e-learning context: logistic regression 

model, multilayer perceptron model and decision tree model (J48, Simple CART, JRIP and REPTree). 

A short description for each data mining model is given below. 

    Logistic regression is a data mining model that measures the relationship between the categorical 

dependent variable and one or more independent variables, by estimating probabilities. Logistic regression 

is used to predict the odds of being a case based on the values (measurements) of the independent variables 

(known as predictors). The odds are defined as the probability that a particular outcome (answer) is a case 

divided by the probability that it is a non-case. 

    A multilayer perceptron represents a feedforward artificial neural network model that maps sets of input 

data into a set of appropriate output. The network of perceptron is defined by: input layer, hidden layer(s), 

and output layer; each connection has a weight (a number); each node performs a weighted sum of its inputs 

and thresholds the result. 

    J48 is an implementation of the Quinlan algorithm (C4.5) [17], known as an improvement of the basic ID3 

algorithm. The main goal of this classification data mining algorithm is to build a decision tree for the given 

dataset, using the concept of information entropy. The decision tree nodes represent discrimination rules 

acting on selective patterns by recursive partitioning of data, using depth-first strategy. While building a tree, 

J48 ignores the missing values, meaning that the value of that item can be predicted based on what is known 

about the attribute values for the other records (from historical data). The basic idea of this classifier is to 

divide the data into ranges based on the attribute values for that item that are found in the training sample. 

    Simple CART (Classification and Regression Trees) [20] is a classification method which uses historical 

data to construct decision trees, when the number of classes are a priori known. The inputs of this predictive 

data mining model can be both numerical and categorical variables. The decision tree is built in accordance 

with splitting rule (the rule that performs the splitting of learning sample into smaller parts). In practice, each 

time data (all the observations) have to be divided into two parts with maximum homogeneity [20]. The 

resulted decision tree is used to classify new data. An important practical characteristic of Simple CART is 

that the structure of its classification or regression trees is invariant with respect to monotone transformations 

of independent variables. 
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    JRIP is an optimized version of IREP and represents a data mining model that implements in Java a 

propositional rule learner (Repeated Incremental Pruning to Produce Error Reduction (RIPPER)), proposed 

in [4]. This model is based on the construction of a rule set in which all positive examples are covered. In this 

algorithm, the discovered knowledge is represented in the form of IF THEN ELSE prediction rules. 

    Reduced Error Pruning Tree (REPTree) is a simple and fast procedure for learning and pruning decision 

trees. The main task of this classifier is to produce a decision or regression tree using information gain as 

the splitting criterion and prune trees using REP. This data mining model only sorts values for numeric 

attributes once Error! Reference source not found.. 

IV.EXPERIMENTS AND RESULTS 

    The data used to build predictive data mining models were collected from an open-source e-learning 

platform (Moodle). This portal is used by authoress as a tutoring e-learning support for students from 

Petroleum-Gas University of Ploiesti. The data stored refers to logging information regarding students who 

have studied Interactive Tutoring Systems discipline during the second semester of the current year: access 

time, IP address, user name, action, information, number of forum posting, number of files upload, number 

of discussion etc. 

    Only six attributes with a significant role were used by classification and regression algorithms, as are 

presented in the table I. 

    Access_time refers to the period when a participant uses the e-learning platform, by accessing the 

available resources. Participant represents the “actor” who plays a role on the e-learning platform and owns 

more or less access rights corresponding to the associated role. Action refers to the available activities on 

the e-learning platform and provides information about the most interesting topics (exams, attendances, 

courses etc.). The number of visits on the e-learning platform is stored in the attribute acces_counting. 

 

TABLE I. DESCRIPTION OF VARIABLES USED BY DATA MINING MODEL 

Attribute 

Type 

Value 

access_time 

nominal 

exam_day 

less_than_one_week 

one_week_befor_exam 

two_weeks_befor_exam between_one_and_two_weeks, 

more_than_two_weeks 

participant 

nominal 

administrator 

student 

teacher 

guest 

action 

nominal 

resource_view 

course_view 

attendance_student_view assignment_view 

forum_view 

upload 

posting_messages 

manage_account 

manage_resources 

information 
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nominal 

exam_topics 

attendances_number Interactive_Tutoring_Systems_syllabus 

student_mark 

project 

forum_news 

course_ITS1 

course_ITS2 

course_ITS3 

course_ITS4 

course_ITS5 

course_ITS6 

course_ITS7 

UML 

access_counting 

numeric 

 

 

participant_status 

nominal 

active 

passive 

 

 

    The target attribute is participant_status with two possible values: active, passive. A participant (a student, 

for example) is considered active if he has the following profile: he recently accessed the portal (less than a 

week), the number of portal visits is more than 20, and his action on the portal is not attendance_student_view 

or student_mark. In other cases, the student status is noticed as passive. 

    Applying data mining algorithm was possible through WEKA (Waikato Environment for Knowledge 

Analysis) software, an open-source machine learning [24]. The data captured from e-learning platform was 

processed and edited in a standard format accepted by WEKA. 

    After source file loading, the classifier is chosen (J48) and the model is run according to testing options. 

As a result, a decision tree is built and the evaluation measures are calculated. The procedure is the same 

in the case of the rest of data mining models (Logistic regression, Simple CART, Multilayer Perceptron, JRIP 

and REPTree). 

    The interpretation of evaluation measures (correctly classified instances, incorrectly classified instances, 

Kappa Statistic, mean absolute error, root mean squared error) offers information about the performance 

associated to the considered data mining models (table II). 

TABLE II. COMPARISON OF STATISTICAL PARAMETERS 

 

 

Logistic regression 

J48 

Simple CART 

Multilayer Perceptron 

JRIP 

REPTree 

Correctly Classified Instances 

86,22% 

(144 instances) 

91,61% 
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(153 instances) 

89,22% 

(149 instances) 

88,02% 

(147 instances) 

88,02% 

(147 instances) 

89,22% 

(149 instances) 

Incorrectly Classified Instances 

13,77% 

(23 instances) 

8,38% 

(14 instances) 

10,77% 

(18 instances) 

11,97% 

(20 instances) 

12,77% 

(20 instances) 

10,77% 

(18 instances) 

Kappa 

Statistic 

0,66 

0,79 

0,74 

0,70 

0,72 

0,73 

Mean absolute error 

0,17 

0,13 

0,13 

0,13 

0,16 

0,15 

Root mean squared error 

0,34 

0,26 

0,30 

0,32 

0,32 

0,30 

 

 

 

    The comparison of the results indicates a better classification in case of J48, Simple CART and REPTree 

models. 
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    In contrast with JRIP, which is another classifier based on discovering the rules, J48 presented the best 

performance for unseen data (test set). JRIP produced only four simple rules for classifying the flow patterns 

(fig. 1) 

 

Fig. 1 JRIP Rules 

    The method based on neural networks (Multilayer Perceptron) has the same performance as JRIP. The 

logistic regression algorithm has the lowest number of correct classified instances (144 instances) and a 

mean absolute error of classification about 0.17. 

    After building predictive data mining models for the current problem, the next step is to test the 

performance of the models. 

    The procedure is the following: after a new test file ARFF (e-learning_test.arff) is edited, with the same 

structure as the training file, but only with one instance (fig.3), the training file (e-learning.arff) is loaded and 

then a classifier is selected (e.g. Multilayer Perceptron). 

    Obviously, the test options can be specified: Use training set – the loaded file is used for testing the data 

mining model; 

    Supplied test set - means that the user can choose a file with the test data (e-learning-test.arff), Cross-

validation - means that the classification results will be evaluated by cross-validation. In this mode the number 

of folds can be modified, Percentage split - means that classification results will be evaluated on a test set 

that is a part of the original data. The default split is 66%, which means that 66% of the data go for training 

and 34% for testing. 

    The test file contains 194 instances. The results indicate a performance for Multilayer Perceptron classifier 

as 97.42% (189 instances correct classified) and 0.03 mean absolute error. 

    The results of testing the rest of the data mining models considered in this article (Logistic regression, J48, 

Simple CART, JRIP and REPTree) are compared in the table III. 

TABLE III. COMPARISON OF STATISTICAL PARAMETERS AFTER TESTING DATA MINING MODELS 

 

 

Logistic regression 

J48 

Simple CART 

Multilayer Perceptron 

JRIP 

REPTree 

Correctly Classified Instances 

91,75% 

(178 instances) 

91,23% 

(177 instances) 

90,72% 

(176 instances) 

97,42% 

(189 instances) 

91,75% 

(178 instances) 

89,22% 

(149 instances) 

Incorrectly Classified Instances 

8,24% 

(16 instances) 

8,76% 

(17 instances) 
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9,27% 

(18 instances) 

2,57% 

(5 instances) 

8,24% 

(16 instances) 

10,77% 

(18 instances) 

Kappa 

Statistic 

0,79 

0,78 

0,78 

0,93 

0,81 

0,73 

Mean absolute error 

0,12 

0,14 

0,10 

0,03 

0,13 

0,15 

Root mean squared error 

0,24 

0,28 

0,27 

0,13 

0,26 

0,30 

 

 

    The process of classifying new instances follows the same procedure: first a test file is edited with the new 

instances, then a classifier is selected (Multilayer Perceptron) and the test file is loaded. Assume that the 

new instance is the following: 

        {less_than_one_week, student, course_view,  

        Interactive_Tutoring_Systems_syllabus, 79, ?} (1) 

    The class attribute is “?” (unknown) because the classification data mining must find the value for the 

target attribute (active or passive). 

    In the test file, the guess value for class attribute participat_status is active (fig. 2). 

 

Fig. 1 The test file with a single instance 

    After selecting a classifier and setting its parameters, the output from the classifier is presented in the 

Classifier output window. Correctly Classified Instances tells that the assumed value of the class attribute 

(participant_status=active) was correct (according to Multilayer Perceptron). 

    The predictive data mining models can help teachers to identify the factors that influence the student 

participation on the e-learning platform and to increase the interest in using modern tutoring tools. 

Furthermore, the behaviour of a student with a certain profile may be predicted and various classes of 

students may be identified, such as: regular student, visitor student, bad student, good student etc. 

V. CONCLUSION 
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    This research paper discusses about data mining approaches applied in the educational field. Predictive 

models (classification and regression models) are proposed to solve various problems in e-learning 

environment. Data used in the experiments were provided by an e-learning platform (Moodle) and represents 

logging data of students’ activities on the portal. Various decision tree models were trained and tested to 

predict the students’ status referring to their intervention on the portal corresponding to the Interactive 

Tutoring Systems discipline. A comparison of six predictive data mining model (logistic regression, multilayer 

perceptron, J48, Simple CART, JRIP, REPTree) was conducted to find the classifier with the best 

performance for the formulated problem. In the training phase, J48 algorithm obtained the best correct 

classification rate (91.61%), but in testing phase Multilayer Perceptron model was ranked first (97.42%), 

proving once again self-learning nature of neural networks. Future work will focus on identifying the attributes 

which most influence the students’ interest in using an e-learning environment, how to improve the students’ 

capabilities in acquiring knowledge and to increase the students’ performance, in the context of data mining. 
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