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ABSTRACT 
 
The purpose of this paper is to analyze students' learning 
behavior through a Learning Management System using a 
compound model of Blended Learning and 
Competency-Based Approach. The article investigates 
correlations between students' activities in online 
environment and competencies acquisition in classroom. The 
analysis was performed using activities log obtained from 
various cognitive resources provided online using Moodle 
platform. This work has shown that log data exploration and 
analysis can be used to generate visualizations about students' 
learning behavior. The current study can help teachers 
monitor students' engagement level and make upstream 
decisions about competency development. Further researches 
could use presented findings to implement other case studies 
using the same pedagogical model.  
 
Key words: Blended Learning; Competency Based 
Approach; Moodle; Learning Management System.  

1. INTRODUCTION 
 
Students are the key entity to consider in all learning models; 
close monitoring of students is therefore an essential element 
for quality learning, since it provides both the means for 
personalized feedback and support as well as for the 
improvement of the program. This monitoring can be ensured 
through student performance analysis using log files. This 
data could help teachers make informed decisions about 
potential problems and find appropriate ways to effectively 
resolve them. We can use multiple data mining methods to 
examine data from a Learning Management System [1]. Baker 
and Yacef [2] recognized that data mining was a promising 
area for the exploration of data from learning systems. 
Various studies, using log files, have been conducted to 
analyze learners' online behaviors and predict their future 
achievements. In recent years, various approaches have been 
applied to identify various technology-assisted learning 
problems. Romero [3] noted a trend towards the use of data 
mining techniques for analyzing activity data. New 
disciplines such as Educational Data Mining (EDM) and (LA) 

 
 

 

Learning Analytics focus on development of methods for 
exploring and analyzing data from educational fields [4], 
[5],[6]. 
Data mining techniques have been applied to several online 
learning problems, such as: classifying students according to 
their learning performance; online navigation system; 
detection of irregular learning behaviors; grouping according 
to similar use of e-learning system and the adaptability of the 
systems to the students' needs [7]. 
Rokach and Maimon [8] have divided data mining techniques 
for educational data into two groups: discovery-oriented 
techniques based on prediction and description and 
verification-oriented techniques based on traditional statistics 
such as ANOVA that will be addressed in this study. 
A brief overview is presented in the next section on research 
work carried out in this context 

2. RELATED WORK  
2.1 The use of data mining for the analysis of LMS data 
 
Romero, Ventura, and García [9] describe the process of 
extracting e-learning data, as the instructions for using data 
mining techniques to extract Moodle data. Kazanidis [10] 
proposed a framework for data processing and analysis of 
LMS. 

2.2 Activity logs' correlation with final marks 
Luik and Mikk [11] deduced a non-linear relationship 
between connections and students' performance based on 
cluster results. Mogus, Djurdjevic, and Suvak [12] determine 
whether student activity logs correlate with their final grades. 
Assignment view, course view, forum view and resource 
view, were the main activities influencing students' grades. 
The authors concluded that these four activities particularly 
influence the effectiveness of learning. Pislaru and Mishra 
[13] found a correlation between components of the LMS and 
the final students' grades. Champaign [14] identify patterns in 
student behavior; there is a strong negative correlation 
between student's skills and the time spent doing online tasks. 
Wen and Rosé [15] analyzed students' behavior in individual 
sessions using the 'Clickstream' data of MOOC courses; 
students divide their activities differently according to their 
grades and course performance level. Gašević [16] conducted 
a statistical analysis that included an analysis of variance 
(ANOVA), a chi-square test, and a linear regression to 
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explore the association between students 'online interactions 
and students' scores. 

2.3 Prediction of student's performance 
Cocea and Weibelzahl [17] analyzed 10 attributes to identify 
engagement (an aspect of motivation) as a key factor in 
quality of learning. Jovanovic [18] defined a classification 
model to predict whether a student would achieve excellent 
performance in a course. They defined cluster models that 
would detect clustering of students with respect to their 
overall performance and used a k-means clustering algorithm 
for categorical data. Kotsiantis [19] used regression 
techniques to predict student scores in a distance learning 
system. Stored data (virtual courses and online learning log 
file) have been useful for predicting grades. Kotsiantis [20] 
studied ten different variables related to student activities. 
 
2.4 Students' clustering (grouping profile) 
 
Jovanovica [18] applied classification models for predicting 
student performance and cluster models to group students 
according to their cognitive styles in an e-learning 
environment. Agnihotri [21] studied in depth the data 
generated when interacting with a tool called «Connect» to 
group the students. Their results identified three distinct 
groups of students: « highest performers », « lowest 
performers » and « persistent students ». Bovo [22] studied 
Moodle logs to group the students. They aim to define the 
relevant clustering features. 

 
These studies are a source of motivation for our research work 
insofar as it provokes our curiosity to analyze data resulting 
from such a pedagogical model little explored in previous 
studies. 

3.  PEDAGOGICAL MODEL AND RESEARCH 
DESCRIPTION 

Adoption of Competency Based Approach is becoming a 
necessity for several reasons: « The labor market needs and 
the economic changes», « demands for occupational 
performance in contemporary workplaces» and « it's a new 
concept for communication with employers » [23]. In the 
context of this study, learners come from the occupational 
world and present different cognitive profiles and 
consequently different knowledge needs. The use of a blended 
learning mode seems to be the most appropriate way for them 
to personalize their learning pathways (spend more time on 
things they do not know and go faster through things already 
seen). Blended and online learning platforms allow to 
customize instruction to meet the knowledge of each student 
[24]. 

Associating Competency Based Approach (CBA) with 
Blended Learning (BL) will therefore allow learners to devote 
the whole time of face-to-face to knowledge mobilization and 
integration. Proposed pedagogical model aims to develop 
students' competencies through the resolution of Learning and 
Evaluation Situations (LES). The first situations are proposed 

to the student in order to teach him how to cope with 
complexity, the following situations are proposed as part of a 
formative assessment, where his difficulties are detected. 
These situations, called «target situations» [25], are defined in 
relation to the basic competencies to acquire. Student 
certification is also based on student's success in concrete and 
complex situations, and not on restitution of knowledge or 
simple application of learned techniques. 

Implemented process begins with a LES proposition. In 
order to propose an adapted LES, teachers could use the 
portfolio describing learner profile and its progress on 
curriculum [26]. Thus, if the portfolio evokes shortcomings 
on a particular aspect of a specific competency, teacher could 
propose a LES focusing on this particular aspect, he identifies 
necessary resources to process the LES and input appropriate 
resources to both the LES and the student profile into the 
LMS. The student begins learning by studying the situation, 
then proceeds to acquire the resources provided on the LMS, 
requests or proposes additional resources. If resources require 
special learning, students could use those resources in usual 
learning context [27]. Teachers will be able to provide 
additional resources, to guide the learner or to identify 
assessment indicators. In assessment phase, teachers have to 
decide on the next step according to learner's performance, if 
proposed solutions are not complete, learners are requested to 
propose improvement by providing other resources or by 
offering another less complex LES. If solutions are 
satisfactory, concerned teacher possibly will decide to move 
to more complex LES. This process could be repeated until 
the pedagogical team decides to end it. The professor could 
then confirm student’s achievements and update their profile 
to certify the competence developed. Figure 1.  

Teachers are expected to be able to intervene at any time 
either to provide additional or more appropriate resources or 
to guide student. Except this context, resources are consulted 
online and teachers have no feedback about their use.  

This study aims to provide feedback about the use of LMS 
resources by students, for this purpose, as a first step, the 
study explores possible relationship between the observed 
variables and the student level of competency. Secondly, it 
examines activity logs in order to detect frequency of use and 
to find trends in student behavior. The purpose is to determine 
the impact of LMS usage behavior on competency 
development. Therefore, the study should provide answers to 
the following research questions: 

1. To what extent are students' level of competency related 
to their LMS activities, namely Moodle, who mediated a 
blended learning course using competency-based 
approach? 

2. Is there a correlation between LMS activities and student 
level of competency? 

3. Could the knowledge gained during this exploration of 
logs provide a feedback on learning process to teachers? 

To answer these research questions, a Moodle log file was 
collected after the completion of a blended learning module 
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Figure 1: Process Model Combining Blended Learning and Competency-Based Approach 

using competency-based approach as a pedagogical model, 
entitled "Management of industrial maintenance". A total of 
59 students enrolled in Moodle, weekly 240-minute 
face-to-face classes were held in one semester. Moodle log 
consists of the time and date it was accessed, the IP address 
from which it was accessed, the student name, action 
performed (display, adding, updating or deleting), activities in 
different modules (forum, resources or assignment sections). 
Stored data can be useful for data mining algorithms [28].  

4. STUDY CASE 
4.1 Data collection 
 

The procedure used for data collection and analysis 
included 4 phases [9]:  

a) Data collection;  
b) Preliminary data processing using appropriate 

algorithms for research questions;  
c) Application of data analysis methods 
d) Interpretation of results and conclusions. 
A considerable number of interaction logs were extracted 

from Moodle for this purpose, combined with the gender of 
each student and the final grade assigned to each student 
based on their level of competency development (Acquired 
(A), In progress (B), No acquired (C). The data collection 

process was performed using "Moodle logs plugin" by 
generating Comma-Separated Values (CSV file). Each event 
record in log has six attributes: course name, event date and 
time, IP address, username, action and information. 
Data in CVS format has been stored in a relational database. 
Subsequently, appropriate Structured Query Language (SQL 
queries) were applied to identify the following variables for 
each student: log-in frequency, total log-in time, total number 
of resources accessed. Finally, the pre-processed data 
obtained was imported on a free Data Mining software 
(Orange) to allow various analysis and visualizations. 
 
4.2 Data analysis and results 

All types of data captured by Moodle were used to explore 
correlation of each attribute with student's competency level. 
The grade indicates the level of competency acquisition 
(category A if competency is "Acquired", category B if 
competency acquisition is "In progress" and category C if 
competency is "Not acquired"). 

Figure 2 shows the distribution of number of connections 
by student competency level, the highest average number of 
connections is obtained by students with the highest 
competency level (category A). The Figure 3 also shows the 
relative connection frequency for each competency level, the 
highest density corresponds to the highest competency level. 
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Figure 2: Distribution of log-in frequency by Competency level 

(with compare means) ANOVA: 4.961 (p=0.010) 
 

 
Figure 3: Relative log-in frequency grouped by Competency level 

 
To determine if there is a correlation between specific 

attributes of the LMS and students' level, we performed a 
correlation analysis Table 1. For data analysis purposes, a 
numerical value is assigned to each competency level. 

 
Table 1: Correlation between variables (Pearson distance 

metric) 

 Log-in 
frequency 

Resources 
viewed 

Time 
log-in Grade 

Log-in 
frequency 0.000 0.067 0.124 0.467 

Resources 
viewed 0.067 0.000 0.101 0.463 

Time log-in 0.124 0.101 0.000 0.466 

Grade 0.467 0.463 0.466 0.000 
 
Table 1 examines correlations between results obtained and 
the number of connections, the total connection time (in 
minutes) and the quantity of resources visualized. The results 
indicate a statistically significant correlation between grades 
(level of competency) and other attributes of students. The 
correlation is positive, indicating that students with a higher 
number of connections have higher level of competency. 
There is no association between the number of connections 
and the number of resources viewed. 
 

An analysis of students' activities by gender was also 
carried out Figure 4. Male students consulted more resources 
than their female colleagues. Differences between genders 

were also identified in the average score received in Figure 5. 
Female students have a higher average score than male 
students. They also have a slightly higher average number of 
connections than male students Figure 6. 

 
Figure 4: Distribution of resources viewed by gender [Student's t: 

0.702 (p=0.487) with compare means] 

 
Figure 5: Grade distribution by gender [Student's t:0. 987 (p=0.332) 

with compare means] 

 
Figure 6: Distribution of log-in frequency by Gender [Student's t: 0. 

286 (p=0.777) with compare means] 
 
The idea of the next analysis is to determine the 

distribution of student activities around assessment dates. 
The purpose of assessment is to attest students' knowledge 
integration through Learning and Evaluation Situations. 

The analysis carried out concerns’ student activities 
from the 1st to the 12th week of the course, the first 
assessment took place on 02 March 2018 (the 5th week of 
learning) and the second took place on 03 May 2018 (the 
12th week of the course). Visualization of activities over 
the time. Figure 7 shows that the highest number of 
connections appears in the days preceding the assessment 
days. The types of activities more consulted are: Lesson 
activity, Courses file and Tests.   

For greater clarity about this behavior and its relation to 
the student competency level; the student activities 
represented over the time have been grouped with respect 
to the students' competency level Figure 7. 

The visualization shows that students with good or 
medium competency levels (Category A and B in Blue and 
Red) consult the LMS on a regular basis, while students 
with a lower level of competency (Category C in green) 
consult the LMS only during the assessment periods. 
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Figure 7: Connection regularity: Interaction over time grouped by Competency level 

5. DISCUSSION 
In this study, both male and female students who 

accessed to the LMS on a regular basis had satisfactory 
results, female students were slightly more active and 
successful in this course compared to male students. There 
is a correlation between the number of connections and the 
student level of competency. Male students consulted a lot 
of resources compared to female students. Male students 
may be qualified as "curious students" because they have 
consulted more resources compared to female students 
while they have all spent almost the same time on the LMS. 

The login frequency to Moodle is higher on the 
assessment periods for most students with poor level of 
competency. According to a study [20], poor student levels 
of competency were associated with negative attitudes and 
perceptions about Moodle, while excellent level of 
competency were associated with increased use of LMS. 
Other factors come into play and influence student level of 
competency such as student motivation and engagement 
[17].  This raises questions about the extent to which data 
collected on an LMS is sufficient to understand student 
behavior. 

Overall, if an analysis shows that students who accessed 
to the LMS only in the days preceding the assessment had 
unsatisfactory level of competency, it is necessary to create 
resources more adapted to their profiles to encourage them 
to access to the LMS on a regular basis. 

6. CONCLUSION 
The current paper presents a new way to study students' 

competencies mechanisms through the resolution of 
Learning and Evaluation Situations (LES). Student’s level 
assessment is based on student's success in concrete and 
complex situations, and not on about learned techniques in 
classical courses. Conclusions generated through this study 

could help teachers to develop a variety of teaching 
strategies. 

Presented findings give the possibility to profile 
students less engaged in online learning, teachers are able 
to conduct detailed observation during classroom sessions 
and identify the source of understanding problems and 
develop thereafter the appropriate teaching strategy to each 
situation and each student. If the resources provided on the 
LMS are not adequate for the student's profile, the teacher 
updates the LMS content. If problems are related to LES, 
teachers choose a less complex and adapted LES to 
student's profile. This process can be repeated as many 
times as required until the student completes required 
competency acquisition.  

Offline behaviors account for a large proportion of the 
learning process, except that these are not explained by 
online student activity, making it difficult to predict a 
model. This result suggests that designing a complete 
dashboard helping teachers to adjust their teaching 
strategy, requires future studies making better use of 
blended learning mode by collecting both online student 
behavior and face-to-face learning data. In addition, to 
investigate the generalizability of the proposed approach, 
data analysis techniques should be applied in different 
disciplinal area over a long duration. 
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