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ABSTRACT The learning analytics communities, as well as most learning analytics research, have 
not frequently focused on time-based trends in the same virtual learning environment over different 
years of deployment, or temporal trends in the selection of different activity types over a typical day. 
The paper contributes to this debate and provides a novel approach to learning analytics using a 
multinomial logit model for modelling the probabilities of students' choice of learning activities during 
the hours of the day over several academic years. An abstraction called activity is introduced, which 
categorizes individual student’s log accesses to the virtual learning environment into more 
semantically meaningful categories. Consequently, the activity represents a sequence of semantically 
meaningful web accesses related to a particular activity or task that a student of the virtual learning 
environment performs. The paper includes a comprehensive explanation of the model and an 
evaluation of the model. The paper introduces a case study, which shows that the multinomial logit 
model can give useful insight into the course schedule, as it shows what the peak times are for 
different types of activities. The paper also discusses the possible implications of the results in the 
context of virtual learning environment management and content improvement at the institutional 
level. 

INDEX TERMS Computational and artificial intelligence, Learning management systems, Predictive models, Web 
mining.  
 
I. INTRODUCTION 
The analysis of data collected from the interaction of 
users in the virtual learning environment (VLE) has 
attracted much attention as a promising approach for 
advancing the current understanding of the learning 
process as well as students’ behavior. This promise 
motivated the emergence of the new learning analytics 
(LA) research field.  
LA is a research field that aspires to use data analysis 
to support decisions made at every level of the educa-
tional institution [1]. LA deals with the gathering, 
measuring, and analysis of available data about stake-
holders for understanding and optimizing the learning 
process and the whole environment, where the learning 
process is realized [2].  
The review of the current literature indicates, that edu-
cational data could be successfully used in areas such 
as user behavioral pattern modelling, user knowledge 
and experience modelling, user profiling, personaliza-
tion and adaptive personalized learning, adaptive tech-
nologies and tools, identification of learning problems, 
study program measurement and evaluation, as well as 

improvement of learning and teaching experiences [3]. 
Predictive methods, structure discovery, relation min-
ing, a distillation of data for human judgment and dis-
covery with models belong to the most frequent cate-
gories of advanced LA methods [2, 4] [5].  
This paper belongs to the category of papers focused 
on temporal analysis of educational data, which deal 
with the study of common and consequential sequences 
of events and how these events are associated with 
learning outcomes, how they relate to the changes in 
students’ behaviour over time, as well as ways in 
which knowledge and skills evolve over time. This area 
still provides both technical and theoretical challenges 
in appropriating suitable techniques and interpreting 
results in the context of learning [6].  
This paper diverges from the majority of existing work 
in this subfield of LA primarily in the type of question 
it examines. An abstraction called activity is introduced 
[7], which categorizes VLE stakeholders’ accesses 
(logs) into individual parts of the e-learning courses 
into more semantically meaningful categories. Conse-
quently, the activity represents a sequence of semanti-



Drlik M., Munk, M.: Understanding Time-based Trends in Stakeholders' Choice of Learning Activity Type Using Predictive Models 

 
 

cally meaningful accesses to the parts of the e-learning 
courses, which relate to a particular activity or task that 
a VLE stakeholder executes.  
A probability modelling of the students’ accesses to 
different types of activities in the selected VLE de-
pending on time is the main aim of the paper. In other 
words, the paper attempts to understand time-based 
trends in students' choice of activity type during the 
day in a VLE. These time-based trends over several 
years are not frequently researched. Moreover, the 
analysis of related research papers showed that only 
several LA papers focused on trends in the same VLE 
over different consecutive years of deployment. Simul-
taneously, the paper provides an example of the proba-
bility modelling of activities in the VLE during the 
hours of the day. As a result, both trends together can 
give useful insight into effective e-learning course 
scheduling and its lifecycle over the academic year. 
The teacher can use this information, for example, to 
determine when he/she should be most active in the 
VLE. On the other hand, the manager of the VLE can 
better estimate the periods suitable for VLE improve-
ments or learning processes optimization in general.  
The paper has the following structure. The second sec-
tion summarizes the outcomes of scientific resources, 
which closely relate to time-based trends from the LA 
point of view. The necessary tasks of data wrangling 
and pre-processing are summarized in the third section. 
A multinomial logit model (MLM) is described in de-
tail in the fourth section. The results of the MLM ap-
plication are available in the fifth section. The sixth 
section is focused on the MLM evaluation. Finally, the 
utilization of the MLM at the various levels of the edu-
cational institution as well as of the e-learning course’s 
development life cycle is discussed in the last section. 
 
II. RELATED WORK 
A large set of scholar publications were published in 
the last decade, which deal with many different facets 
of learning analytics. As a result, comprehensive re-
sources of papers related to the LA research discipline, 
which provide a meta-analysis of this research field, as 
well as which try to identify current trends, are quite 
frequent [3], [8], [9], [10], [11]. The analysis of these 
resources leads to the finding that most LA research 
papers are predominantly focused on educational tasks, 
methods, and algorithms, often on the level of the 
whole course. 
Predictive modelling, the method used in this paper, 
can use several types of data, for instance, demograph-
ic/static data or stakeholders’ interactions with the 
educational systems [12]. LA researchers tend to focus 
on classical approaches to prediction modelling, like 
classification and regression [13] [5]. According to 
Papamitsiou and Economides [14], the prediction of 
dropout and retention represent key issues for data 
mining in education in general.  
Even though the concept of time is fuzzily defined in 
education, it influences many key teaching and learn-
ing aspects of the educational situation [15]. While 
temporal aspects of teaching and learning are extreme-
ly important, the time-factor has not received much 

attention in LA research. Thus, educational practice 
lacks adequate research on an important aspect that can 
improve learning in general and e-learning in particular 
[16]. This statement is in accordance with the findings 
of Knight [17], who stated that although it might be 
expected that a study of the temporal nature of learning 
will be central in learning analytics research and appli-
cations, the current situation is rather the opposite and 
the temporal nature of learning takes on importance 
only slowly . Temporality has typically been underex-
plored in both basic and applied educational research. 
Moreover, the details of how processes are expected to 
unfold over time are rarely well conceptualized.  
This paper deals with a special kind of predictive mod-
elling, which is focused on modelling the behaviour of 
the stakeholders over time. In other words, it tries to 
estimate the probability, with which a VLE’s stake-
holder will deal with a particular activity. The observed 
period could be different, for example, a day, a part of 
a week, a period of the term, a year, etc. Considering 
the assertions mentioned in the previous paragraph, this 
kind of research does not occur very frequently in LA 
research, although the predictive value of data about 
students’ activity may be enhanced when considering 
either the order in which students engage in activities 
or the timing of engaging in activities [18].  
Barbera et al. assume [16], that the reason for limited 
LA research in temporal data is that most LA methods 
and approaches require aggregation across educational 
data due to a collection of conceptual, methodological, 
and operational challenges. Consequently, applying 
such a “coding and counting” approach often leads to 
the loss of temporal information related to students’ 
interactions. As counting data are aggregated over 
time, the data gets “flattened out” in the temporal di-
mension and information about temporal variation is 
abandoned. Moreover, Chen et al. stated [19], that 
despite the abundance of available temporal education-
al data, there has been a paucity of research on the 
temporal features of learning, with a tendency to mini-
mize, if not totally ignore, the temporal dimension by 
using a “coding and counting" approach that aggregates 
over time. Subsequently, such operating in a “snap-
shot" mode shows stakeholders only a current picture 
of the data. It can lead to overlooking or misrepresent-
ing patterns that change over time. 
Ceddia et al. [20, 21] developed a web-based educa-
tional system WIER. They defined different levels of 
log abstraction depending on time and researched the 
students’ behavior. However, they focused mainly on 
analyzing a students’ behaviour in a particular activity; 
e.g. the attempts at quizzes. They did not analyze their 
behaviour using the modelling of the probabilities of 
accesses. 
The paper introduces a case study, in which a multi-
nomial logit model (MLM) is adapted for modelling 
the probability of accesses of VLE’s stakeholders de-
pending on time. More precisely, the stakeholders’ 
behaviour over several academic years is analyzed, 
which is covered by LA researchers only partially. 
While an increasing body of literature has become 
available regarding how a VLE stakeholders’ behav-
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iour (meaning their performance, knowledge, final 
grades) can be estimated, to the best of the authors’ 
knowledge there is no available  research dealing with 
a predictive modelling of the VLE stakeholders’ behav-
iour in time using MLM.  
The educational data used in the case study are stored 
in the form of logs in the VLE Moodle. The VLE 
Moodle belongs to the most used VLEs for several 
years. Therefore, many researchers focused their re-
search on the implementation of data mining methods 
on the educational data recorded in this system [22, 
23]. Dimopoulos et al. [24] evaluated available data 
mining tools, which can be used with the VLE Moodle.   
Logs about the VLE stakeholders’ activity stored in a 
structured form, can be considered time-oriented data. 
The number of papers, which take into account the 
time of accesses, is low. In general, they concluded that 
the patterns of student behaviour over time could be 
identified and suitably interpreted [25-28].  
Młynarska et al. [29] examined a large VLE and per-
formed a time series clustering of students achieving 
low and high grades, to observe the different behav-
ioural patterns characteristic of these different groups. 
The clustering of activity data revealed several distinct 
behavioural patterns that highlight the relationship 
between VLE activity in relation to assignments and 
their final grades. Considering the aim of this paper, 
the studies mentioned earlier mainly analyzed and vis-
ualized the educational data and tried to bridge differ-
ent didactical theories with VLE stakeholders’ re-
quirements [30]. 
The application of MLM extends the previous research, 
in which the probability of the students’ accesses to the 
different activities and educational resources for the 
selected e-learning course was modeled [31]. The 
different behaviour of teachers and students using the 
MLM methodology was also analyzed in [32]. These 
studies confirmed statistically significant results of 
modelling the probability of accesses to the different 
parts of the e-learning course during different periods. 
They provided evidence as well as examples, how an 
application of the MLM could improve the manage-
ment of a particular e-learning course and its partici-
pants [33].   
This paper extends the methodology of MLM applica-
tion at the higher institutional level. It describes how it 
is possible to estimate the probability, that the stake-
holders will do a particular activity in a given time. 
Subsequently, it also discusses the opportunities for 
predictive modelling of VLE stakeholders using MLM 
in the management of a set of e-learning courses cov-
ered by a particular study program or managed by an 
organizational unit of a university.  
 
III. DATA WRANGLING 
Data wrangling consists of data cleaning, user identifi-
cation, session identification, path completion steps 
[34-36].  

A. DATA UNDERSTANDING 
The educational data used in this case study describes 
stakeholders’ accesses to the activities (modules, re-

sources, interactive and collaborative activities) of e-
learning courses during eight academic years. The e-
learning courses were opened in the e-learning system 
of the university. The teachers and students used the 
VLE predominantly in the blended learning form. 
About 1000 of unique stakeholders’ logins daily on 
average were recorded during the observed period. The 
stakeholders’ logs from 302 e-learning courses used at 
the Faculty of Natural Sciences during 2010-2017 were 
selected. 5033 unique participants enrolled and actively 
participated in these e-learning courses during the men-
tioned period. 

B. DATA GATHERING 
The multi-tier software architecture of the VLE as-
sumes that the users’ data are not stored only in server 
log files but also in the more structured form of the 
relational database system. This system contains the 
data and metadata about the e-learning content, the 
structure of the courses, as well preserving the state of 
the VLE and its parts. It also stores data about the VLE 
stakeholders’ activities [37]. 
A relational database system provides an integrated and 
structured form of data, which minimalizes the pre-
processing phase of the data analysis [38].  
Subsequently, a set of SQL queries can be prepared, 
which returns all required information about the stake-
holders’ activity in the VLE. For this case study, an 
SQL script was written. It selected the attributes ID, 
userID, IP, course, time, module, action from the tables 
mdl_log, mdl_logstore_standard_log and 
mdl_log_display. These tables created the main re-
source of logs of the VLE Moodle. Additionally, other 
tables were used where they were needed to improve 
human understanding of the attributes. The structure of 
the log tables of the VLE Moodle changed in 2015. For 
that reason, the records about the users’ activity in the 
e-learning courses were mapped into the previous pro-
prietary structure. 
Usually, the stakeholders’ logs should be cleaned of 
unnecessary items. Since the VLE stakeholders’ had a 
unique ID, this step of data pre-processing is not neces-
sary. The entries about users with the role other than 
the student or teacher were removed. Finally, 
4,435,175 entries were accepted to be used in the next 
steps of data preparation. 

C. REDUCTION OF CATEGORIES OF MODULES 
AND ACTIONS 
Subsequently, special attention was paid to the attribute 
activity. Romero et al. define the abstractions as group-
ings of related records [3]. Page views, sessions, tasks 
or activities are typical examples of these abstractions. 
Sherd [39] defines an activity as an abstraction of dis-
crete behavioural activity of the stakeholder stored in 
the VLE Moodle log file. It categorizes individual e-
learning course parts into particular activities. As a 
result, the activity, in this case study, represents a se-
quence of semantically meaningful stakeholders’ ac-
cesses related to a particular activity that a stakeholder 
of the VLE accomplished. 
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The usefulness of the abstraction of e-learning course 
parts into semantically more meaningful activities 
grows if the accesses to the individual parts were low 
[40]. The original variables action and module took 
many values (28 modules, 76 actions) in this case. 
Since many values led to lower counts of accesses, an 
abstraction, called activity, was also introduced. It re-
duced the number of different types of stakeholders’ 
actions. A group of VLE and e-learning experts was 
asked to divide the combination of available modules 
and actions into the four activities:  
• learn – contains all modules and actions which 

are connected with the learning process (view dis-
cussion, read educational resources), and require 
only small interactivity from the stakeholder, 

• browse – contains mainly the module course and 
its actions, which enable browsing between the e-
learning course resources and modules (course 
view), covers the passive presence of the 
stakeholder in the course predominantly, 

• manage – includes all modules and actions related 
to the interactivity and managing of the learning 
process tasks (assign grade submission, assign-
ment view all, grade, report, calendar, messag-
ing), 

• develop – covers all activities, which are related 
to the create, update and delete operations real-
ized by the course participants (feedback, surveys 
about the educational resources, creating and edit-
ing quiz questions, glossary items, creating wiki 
pages, participating in the module database). 

The reason for dividing the log records into these more 
general activities based on the values in columns mod-
ule and action is that the aim of the research was to 
verify if there were any changes in generalized activi-
ties of the VLE stakeholders’ behaviour over several 
academic years and what kind of the activity is preva-
lent at a particular time. The higher the number of cat-
egories of activities would cause a worse interpretation 
of the results.  

D. USER AND SESSION IDENTIFICATION 
The user identification is a less demanding problem in 
the VLE domain compared with other data mining 
application domains because the stakeholders can be 
identified by their unique ID [41]. Anonymous logins 
to the university VLE have not been allowed. Hence, 

only the activities of identified VLE stakeholders were 
logged. 
A user session is defined as a sequence of requests 
made by a particular user over a certain navigation 
period. A user may have one or multiple sessions dur-
ing this period. The session identification is a process 
of segmenting the logs of each stakeholder into disjoint 
sequences of individual sessions [42]. A more detailed 
discussion about the different session identification 
techniques can be found in [37, 43]. 
User sessions can be identified in several ways. Final-
ly, a reactive time-oriented heuristic method based on 
time threshold for identifying the users’ sessions was 
selected based on the previous research  [43, 44]. A 
100-minutes timeout threshold was adopted for starting 
a new session regarding the results of the previous 
study [45], the preferred blended learning form, as well 
as settings of the university VLE. Therefore, this 
threshold was calculated considering a typical duration 
of a lesson at the university (90 minutes of lessons + 10 
additional minutes to upload exercise or close another 
task after the lesson). As a result, the variable session 
was added into the final dataset as an output of this pre-
processing step (Table I).  

E. PATH RECONSTRUCTION 
The path reconstruction represents the last step of the 
data wrangling phase. Different path reconstruction 
techniques are summarized in [46, 47]. The outcomes 
of the previous research indicate that the data wran-
gling phase can be reduced to a reconstruction of the 
activities of VLE users in the educational domain [43]. 
In other words, it has been proven that the identifica-
tion of the transactions/sequences of visitors’ actions in 
the VLE has a significant impact on the quality and 
quantity of identification of the useful sequence pat-
terns. Considering this finding, if the VLE provides a 
sophisticated form of navigation and a firmly defined 
structure of the e-learning courses,  the completion of 
the path is not an inevitable step of data preparation in 
the process of discovering patterns of VLE stakehold-
er’s behaviour [45].  

F. CALCULATION OF DERIVED VARIABLES 
The construction of some derived variables was the last 
step of the data preparation stage. The original log file 
contained only the variable datetime. An independent 

TABLE I  
AN EXAMPLE OF THE ATTRIBUTES OF THE FINAL DATASET.  
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variable was a time variable t with values from the 
interval 0-23 in this case study (hours in a day). It was 
calculated from the variable datetime. The type of de-
pendence on time was identified considering the results 
of calculation and visualization of empirical logits. The 
previous research proved that logits compose a quad-
ratic function of time [40] (Figure 9). Therefore, a new 
variable t2 was defined. 
It should be mentioned for completeness, that other 
independent variables based on time could be consid-
ered and used in MLM. For example, different week 
days could be distinguished [40], eventually working 
days and weekends [31] or different periods of the 
academic year [33]. In some other cases, it is desirable 
to create several models for different groups of users or 
types of accesses to the defined parts of the observed 
system [40]. Finally, several dummy variables y2010, 
y2011, y2012, y2013, y2014, y2015, y2016 were calcu-
lated for the presented case study. 
 
IV. MODEL DESCRIPTION 
The multinomial logit model (MLM) introduced in this 
paper was described in the book [48] in detail. This 
MLM is a special case of the Generalized Linear Mod-
el. The basis for this theory was received from the 
books [4, 49]. In the next part, the used multinomial 
logit model will be described in detail. 
The variables included in the model were described in 
the previous section. The investigated categorical de-
pendent variable was a variable activity with catego-
ries: learn, browse, develop and manage for a model. 
The time t with values 0-23 represented an independent 
variable. Moreover, the variable square of time t2 as 
well as several dummy variables mentioned earlier, 
which MLM required, were calculated.  
Let 𝜋𝑖𝑖  be the probability that the user will choose the 
activity j, in hour i, while j = 1,2,..., J, where J is a 
number of activities and i = 0,1,...,23. 
Since ∑ 𝜋𝑖𝑖 = 1𝐽

𝑖=1  is true, there are only J – 1 parame-
ters. 
Let 𝑌𝑖𝑖  be the number of accesses to the activity j with 
observations 𝑦𝑖𝑖 in hour i, then ∑ 𝑦𝑖𝑖 = 𝑛𝑖

𝐽
𝑖=1  is the 

number of accesses in hour i. 
The probability distribution of the vector 𝑌𝑖 =
�𝑌𝑖1 ,𝑌𝑖2, … ,𝑌𝑖𝐽�

𝑇
, if the sum 𝑛𝑖 is given, is multinomial  

𝑓𝑖�𝑦𝑖1,𝑦𝑖2, … ,𝑦𝑖𝐽� = 𝑃�𝑌𝑖1 = 𝑦𝑖1,𝑌𝑖2 = 𝑦𝑖2, … ,𝑌𝑖𝐽 = 𝑦𝑖𝐽�

=
𝑛𝑖!

𝑦𝑖1!𝑦𝑖2! …𝑦𝑖𝐽!𝜋𝑖1
𝑦𝑖1𝜋𝑖2

𝑦𝑖2 …𝜋𝑖𝐽
𝑦𝑖𝑖 . 

Consequently, it can be found by applying of the loga-
rithm, that 

𝑙𝑛 𝑓𝑖�𝑦𝑖1,𝑦𝑖2, … ,𝑦𝑖𝐽� = �𝑦𝑖𝑖 𝑙𝑛 𝜋𝑖𝑖 + 𝑙𝑛 �
𝑛𝑖!

𝑦𝑖1!𝑦𝑖2! …𝑦𝑖𝐽!�
𝐽

𝑖=1

. 

Since ∑ 𝜋𝑖𝑖 = 1,𝐽
𝑖=1  it is possible to put 𝜋𝑖𝐽 = 1 −

∑ 𝜋𝑖𝑖
𝐽−1
𝑖=1  and get 

𝑙𝑛 𝑓𝑖�𝑦𝑖1,𝑦𝑖2, … ,𝑦𝑖𝐽� = �𝑦𝑖𝑖 𝑙𝑛 𝜋𝑖𝑖 + 𝑦𝑖𝐽 𝑙𝑛 �1−�𝜋𝑖𝑖

𝐽−1

𝑖=1

�
𝐽−1

𝑖=1

+ 𝑙𝑛 �
𝑛𝑖!

𝑦𝑖1!𝑦𝑖2! …𝑦𝑖𝐽!�
 

=�𝑦𝑖𝑖 𝑙𝑛 𝜋𝑖𝑖 + �𝑛𝑖 −�𝑦𝑖𝑖

𝐽−1

𝑖=1

�
𝐽−1

𝑖=1

𝑙𝑛�1 −�𝜋𝑖𝑖

𝐽−1

𝑖=1

�

+ 𝑙𝑛 �
𝑛𝑖!

𝑦𝑖1!𝑦𝑖2! …𝑦𝑖𝐽!�
 

= �𝑦𝑖𝑖 𝑙𝑛 𝜋𝑖𝑖 + 𝑛𝑖 𝑙𝑛 �1−�𝜋𝑖𝑖

𝐽−1

𝑖=1

�
𝐽−1

𝑖=1

−�𝑦𝑖𝑖 𝑙𝑛 �1−�𝜋𝑖𝑖

𝐽−1

𝑖=1

�
𝐽−1

𝑖=1

+ 𝑙𝑛 �
𝑛𝑖!

𝑦𝑖1!𝑦𝑖2! …𝑦𝑖𝐽!�
 

= �𝑦𝑖𝑖 �𝑙𝑛 𝜋𝑖𝑖 − 𝑙𝑛 �1−�𝜋𝑖𝑖

𝐽−1

𝑖=1

��
𝐽−1

𝑖=1

+ 𝑛𝑖 𝑙𝑛 �1−�𝜋𝑖𝑖

𝐽−1

𝑖=1

�

+ 𝑙𝑛 �
𝑛𝑖!

𝑦𝑖1!𝑦𝑖2! …𝑦𝑖𝐽!�
 

= �𝑦𝑖𝑖

𝐽−1

𝑖=1

𝑙𝑛
𝜋𝑖𝑖

1− ∑ 𝜋𝑖𝑖
𝐽−1
𝑖=1

+ 𝑛𝑖 𝑙𝑛 �1−�𝜋𝑖𝑖

𝐽−1

𝑖=1

�

+ 𝑙𝑛 �
𝑛𝑖!

𝑦𝑖1!𝑦𝑖2! …𝑦𝑖𝐽!�
. 

From the last modification, the formula is obtained 

𝑙𝑛 𝑓𝑖�𝑦𝑖1,𝑦𝑖2, … ,𝑦𝑖𝐽� = �𝑦𝑖𝑖

𝐽−1

𝑖=1

𝑙𝑛
𝜋𝑖𝑖
𝜋𝑖𝐽

+ 𝑙𝑛�𝜋𝑖𝐽�
𝑛𝑖

+ 𝑙𝑛 �
𝑛𝑖!

𝑦𝑖1!𝑦𝑖2! … 𝑦𝑖𝐽!�
. 

Then, the log is taken 

 
𝑓𝑖�𝑦𝑖1,𝑦𝑖2, … , 𝑦𝑖𝐽�

=  𝑒𝑒𝑒��𝑦𝑖𝑖

𝐽−1

𝑖=1

𝑙𝑛
𝜋𝑖𝑖
𝜋𝑖𝐽
�𝜋𝑖𝐽

𝑛𝑖 𝑛𝑖!
𝑦𝑖1!𝑦𝑖2! …𝑦𝑖𝐽!

 
 
(1) 

and put 
𝜂𝑖𝑖 = 𝑙𝑛 𝜋𝑖𝑖

𝜋𝑖𝑖
, 𝜂𝑖𝐽 = 0, 

𝜂𝑖 = �𝜂𝑖1,𝜂𝑖2, … ,𝜂𝑖𝐽−1�
𝑇,𝑦𝑖 = �𝑦𝑖1,𝑦𝑖2, … , 𝑦𝑖𝐽�

𝑇. 
Then  

𝜋𝑖𝑖 = 𝜋𝑖𝐽𝑒𝜂𝑖𝑖 , 𝑗 = 1, 2, … , 𝐽 − 1, 

1 = �𝜋𝑖𝑖

𝐽

𝑖=1

= 𝜋𝑖𝐽�𝑒𝜂𝑖𝑖
𝐽

𝑖=1

= 𝜋𝑖𝐽 �1 +�𝑒𝜂𝑖𝑖
𝐽−1

𝑖=1

�, 

of which the formula is obtained  
𝜋𝑖𝐽 =

1
1 +∑ 𝑒𝜂𝑖𝑖𝐽−1

𝑖=1
. 

Now the probability distribution function has a general 
exponential form 

𝑓𝑖(𝒚𝑖,𝜼𝑖) = 𝐶(𝜼𝑖) 𝑒𝑒𝑒��𝑄𝑖

𝐽−1

𝑖=1

(𝜼𝑖)𝑇𝑖(𝒚𝑖)�𝑢(𝒚𝑖), 

where  

𝐶(𝜼𝒊) = �1 +�𝑒𝜂𝑖𝑖
𝐽−1

𝑖=1

�

−𝑛𝑖

,𝑄𝑖(𝜼𝒊) = 𝜂𝑖𝑖 ,𝑇𝑖(𝒚𝒊) = 𝑦𝑖𝑖 ,𝑢(𝒚𝒊)

=
𝑛𝑖!

𝑦𝑖1!𝑦𝑖2! …𝑦𝑖𝐽!
. 

Hence, a generalized linear model with link function 
logit can be applied to estimate the probabilities 𝜋𝑖𝑖  of 
selecting activity j with respect to the hour i. From 
(Eq.1) is obtained 

𝑙𝑛 𝑓𝑖(𝒚𝒊,𝜼𝑖) = 𝑙𝑛
𝑒∑ 𝑦𝑖𝑖𝜂𝑖𝑖

𝑖−1
𝑖=1

�1 +∑ 𝑒𝜂𝑖𝑖𝐽−1
𝑖=1 �

𝑛𝑖
𝑛𝑖!

𝑦𝑖1!𝑦𝑖2! …𝑦𝑖𝐽!
. 

The log-likelihood function has a form 

𝑙𝑛�𝑓𝑖(𝒚𝑖,𝜼𝑖)
𝑖

= ���𝑦𝑖𝑖𝜂𝑖𝑖

𝐽−1

𝑖=1

− 𝑛𝑖𝑙𝑛�1 + �𝑒𝜂𝑖𝑖
𝐽−1

𝑖=1

��
𝑖

+ �𝑙𝑛
𝑛𝑖!

𝑦𝑖1!𝑦𝑖2! …𝑦𝑖𝐽!
𝑖

. 



Drlik M., Munk, M.: Understanding Time-based Trends in Stakeholders' Choice of Learning Activity Type Using Predictive Models 

 
 

It is assumed that the following model is valid 
 𝜂𝑖𝑖 = 𝑙𝑛

𝜋𝑖𝑖
𝜋𝑖𝐽

= 𝒙𝑖𝑇𝜷𝑖 , 𝑗 = 1, 2, … , 𝐽 − 1, 𝑖 ∈ {0, 1, … , 23},  (2) 
where 𝜋𝑖𝐽 is the probability of the last activity which 
will be chosen as a referential, 𝒙𝑖𝑇 is a line vector, 
𝜷𝑖 = �𝛽𝑖1,𝛽𝑖2, … ,𝛽𝑖𝑗�

𝑇 is a vector of regression coeffi-
cients for j = 1, 2, ..., J – 1. 
There are J − 1 equations which describe the contrasts 
between the activity j, for j = 1,2,..., J − 1 and the last 
activity J (any other category could be chosen as a 
reference category). Then there is a log-likelihood 
function without the constants in the form 

𝑙𝑛 𝐿(𝒚,𝒙,𝜷) = 𝑙𝑛�𝑓𝑖�𝒚𝑖 ,𝒙𝑖,𝜷𝑖�
𝑖

 

= ��𝑦𝑖𝑖�𝒙𝑖𝑇𝜷𝑖�
𝐽−1

𝑖=1𝑖

−�𝑛𝑖 𝑙𝑛�1 +�𝑒�𝑥𝑖
𝑇𝛽𝑖�

𝐽−1

𝑖=1

�
𝑖

. 
     (3) 

Maximum likelihood estimation of the parameters of 
the model (Eq. 2) proceeds by maximization of the log 
of the multinomial likelihood function (without the 
constants) (Eq. 3). 
The estimation of the parameters can be done by using 
an iteratively re-weighted least squares method as the 
Newton-Raphson technique or Fisher scoring. 
The starting values for estimations 𝛽𝑖0 are computed 
from empirical logits  
𝜂𝑖𝑖0 = 𝑙𝑛

𝑒𝑖𝑖
𝑒𝑖𝐽

= 𝒙𝑖𝑇𝜷𝑖 ,𝑒𝑖𝑖 =
𝑦𝑖𝑖
𝑛𝑖

, 𝑗 = 1, 2, … , 𝐽 − 1, 𝑖 ∈ {0, 1, … , 23} 

by linear regression. 
The maximum likelihood estimation 𝜷�𝑖 has approxi-
mately in large samples a multivariate normal distribu-
tion with mean equals to the true parameter value and 
with variance-covariance matrix given by the inverse 
of the information matrix. 
Information matrix is a mean value of the matrix of the 
second partial derivatives of the log-likelihood function 
concerning its parameters. Standard errors of parame-
ters’ estimations are the square roots of diagonal ele-
ments of the variance-covariance matrix divided by √𝑛. 
The hypothesis H0: 𝜷j = 𝟎 can be tested by the Wald 
test.  
 
V. RESULTS 
The parameters 𝛼𝑖,𝛃𝑖 of the model were estimated by 
maximizing of the logarithm of the multinomial likeli-
hood function in the next step. The STATISTICA Gen-
eralized Linear/Nonlinear Models was used for param-
eter estimation of individual values. The significance 
of parameters was tested by the Wald test (Table II). 
It could be confirmed that the parameters of the model 
were statistically significant considering the results of 
the test of all effects (Table II). The academic years 
implemented as dummy variables (y2010 - y2016) in 
the model, represented statistically significant charac-
teristics of the created logit model. At the same time, 
hours of the day represented by variables t and t2 were 
statistically significant.    
 
 
 
 
 

TABLE II.  
TEST OF ALL EFFECTS. 

 
Degree of Freedom Wald Stat. p 

Intercept 3 48368.90 0.0000 

t 3 1461.90 0.0000 

t2 3 752.23 0.0000 

y2010 3 10648.68 0.0000 

y2011 3 19754.06 0.0000 

y2012 3 31185.01 0.0000 

y2013 3 46135.42 0.0000 

y2014 3 81205.33 0.0000 

y2015 3 31632.16 0.0000 

y2016 3 809.06 0.0000 
 
The STATISTICA Generalized Linear/Nonlinear 
Models was also used for estimating the model’s pa-
rameters. Again, the Wald test was used to test the 
significance of the parameters. Significant parameters 
are highlighted in Table III. The significant dependence 
of logits of the activities browse, learn and develop on 
hours of the day and its square can be seen there. The 
activity manage was taken as a reference in this case. 
The academic years significantly influenced the values 
of these logits. For instance, such impact of academic 
years 2010-2016 can be seen in the case of the activity 
browse.   
These estimated parameters were also used for calcula-
tion of the logits estimations. Subsequently, the proba-
bilities of selection of individual activities in a given 
hour of the day were also calculated. These results 
were in accordance with the calculated probabilities. 
The estimation of the probabilities represents the out-
puts of the logit model. However, the knowledge of the 
model’s parameters has the same importance. Their 
absolute values inform about which predictor mostly 
influences the observed variable. A higher absolute 
value of the parameter means higher dependence. A 
positive value means proportional dependence and vice 
versa.  
The estimation of logits 𝜂𝑖𝑖for all values of independ-
ent variables is   

�̂�𝑖𝑖 = 𝑎𝑖 + 𝐱𝑖𝑇𝐛𝑖 , 𝑗 = 1, 2, … , 𝐽 − 1. 
A multinomial logit model was used for modelling the 
distribution of a categorical variable. The observed 
variable activity represented the categorical variable of 
the stakeholders’ behavior analysis. This variable has 
four categories (browse, learn and develop, manage).  
Finally, dummy variables of academic years, as well as 
time variables, represented by an hour of the day and 
its square, were used as predictive variables 
 

𝜂𝑖𝑖 = 𝛼𝑖 + 𝛽1𝑖𝑡𝑖 + 𝛽2𝑖𝑡𝑖2 + 𝛾1𝑖𝑦2016𝑖 + 𝛾2𝑖𝑦2015𝑖 +
𝛾3𝑖𝑦2014𝑖 + 𝛾4𝑖𝑦2013𝑖 + 𝛾5𝑖𝑦2012𝑖 + 𝛾6𝑖𝑦2011𝑖 + 𝛾7𝑖𝑦2010𝑖. 
 
This step of the modelling phase contains two tasks: 

1. Probability estimation of accesses  𝜋𝑖𝐽 in time 
i for reference activity J 

𝜋�𝑖𝐽 =
1

1 +∑ 𝑒𝜂�𝑖𝑖𝐽−1
𝑖=1

. 
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2. Probability estimation of accesses 𝜋𝑖𝑖  in time 
i for activity j,  

𝜋�𝑖𝑖 = 𝑒𝜂�𝑖𝑖𝜋�𝑖𝐽, 𝑗 = 1, 2, … , 𝐽 − 1. 
The most interesting visualizations are summarized in 
the following subsections. The probability of individual 
activities j at time i, 𝑗 = 1, 2, … , 𝐽, 𝑖 ∈ {0, 1, … , 23} 
could be also visualized. For that reason, a set of charts 
(Figures 1 - 9) was created, which visualized the prob-
ability of selection of observed activities by the stake-
holders depending on time in the observed academic 
years. It can be seen that the probability of accesses to 
the particular activity depends on time.  

A. VISUALIZATION OF STAKEHOLDERS’ 
BEHAVIOUR IN DIFFERENT ACADEMIC YEARS 
The probability of stakeholders’ accesses to the activi-
ties browse, develop and manage in the academic year 
2010 are shown in Figure 1. The probability of the 
activity learn was much higher in comparison with 

others, with the maximum late at night (0.68) and with 
a minimum 0.57. Therefore, it is omitted from the fig-
ure. The probability of the activity browse was in the 
interval 0.20 – 0.27. Other activities were very low, 
less than 0.10.  
The curve of the probability of the activity develop 
reflected the fact, that the structure and educational 
content of the e-learning course changed only slightly 
because course creators, as well as teachers, restored 
their e-learning courses from previous instances of 
VLEs, which had been used at the university before the 
launching the centralized e-learning system.  
The activity browse had its maximum in the afternoon 
and evening. It indicates that the stakeholders used to 
browse last changes, posts or other information availa-
ble in the e-learning course in this period.  
 

TABLE III  
ESTIMATION OF MODEL PARAMETERS. 

 
Level of Response Estimate 

Stand. 
 Error Wald Stat. 

Lower  
CL 95% 

Upper  
CL 95% p 

Intercept 1 browse 0.3174 0.0116 746.02 0.2947 0.3402 0.0000 

t browse 0.0207 0.0016 160.67 0.0175 0.0239 0.0000 

t2 browse -0.0012 0.0001 406.00 -0.0013 -0.0010 0.0000 

y2010 browse 0.7622 0.0105 5274.10 0.7417 0.7828 0.0000 

y2011 browse 0.7961 0.0078 10323.96 0.7807 0.8114 0.0000 

y2012 browse 0.8622 0.0084 10486.80 0.8457 0.8787 0.0000 

y2013 browse 0.9359 0.0079 14131.25 0.9205 0.9514 0.0000 

y2014 browse 1.2548 0.0082 23166.61 1.2387 1.2710 0.0000 

y2015 browse 0.3719 0.0062 3573.36 0.3597 0.3841 0.0000 

y2016 browse -0.0335 0.0053 40.11 -0.0439 -0.0231 0.0000 

Intercept 2 learn 1.3322 0.0103 16634.10 1.3119 1.3524 0.0000 

t learn -0.0185 0.0015 162.07 -0.0214 -0.0157 0.0000 

t2 learn -0.0002 0.0001 17.69 -0.0003 -0.0001 0.0000 

y2010 learn 0.9451 0.0097 9567.60 0.9261 0.9640 0.0000 

y2011 learn 0.9418 0.0072 17112.33 0.9277 0.9559 0.0000 

y2012 learn 1.2872 0.0077 28026.15 1.2721 1.3023 0.0000 

y2013 learn 1.4303 0.0072 39529.94 1.4162 1.4444 0.0000 

y2014 learn 1.9800 0.0076 67645.15 1.9651 1.9950 0.0000 

y2015 learn 0.8622 0.0055 24409.63 0.8514 0.8731 0.0000 

y2016 learn -0.1188 0.0047 628.72 -0.1281 -0.1095 0.0000 

Intercept 3 develop -1.9388 0.0219 7870.64 -1.9817 -1.8960 0.0000 

t develop -0.0403 0.0029 195.84 -0.0460 -0.0347 0.0000 

t2 develop 0.0004 0.0001 14.95 0.0002 0.0006 0.0001 

y2010 develop 1.3775 0.0200 4755.94 1.3384 1.4167 0.0000 

y2011 develop 1.5318 0.0157 9501.29 1.5010 1.5626 0.0000 

y2012 develop 1.4883 0.0167 7970.55 1.4556 1.5209 0.0000 

y2013 develop 1.8711 0.0151 15335.64 1.8415 1.9007 0.0000 

y2014 develop 2.0973 0.0153 18887.85 2.0674 2.1272 0.0000 

y2015 develop 1.1903 0.0140 7279.39 1.1630 1.2177 0.0000 

y2016 develop -0.1017 0.0143 50.81 -0.1296 -0.0737 0.0000 
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Figure 1. Probability visualization of accesses of the stakeholders 
to the observed types of activities in 2010. 
 
Considering other academic years, it is worth mention-
ing the academic year 2014 (Figure 2a), in which the 
probability of activity learn increased (from 0.57 – 
0.68 to 0.73 – 0.79), and the probability of activity 
browse slightly decreased (0.14 – 0.19) (Figure 2b).  
 

 
a) 

 
b) 
Figure 2. a) Probability visualization of accesses of stakeholders 
to the observed activities in 2014. b) Zoomed view on activities 
with a smaller probability. 

 
 

Considering the small values of activities manage and 
develop, it can be assumed, that the overall activity of 
the stakeholders focused solely on passive visiting of 
the e-learning courses and available study resources. 
Figure 3b provides a zoomed view on the activities 
with small values of calculated probabilities.  
During the next years, the probabilities of the activity 
manage and browse have slowly increased with the 
maximum (π = 0.22) around 11 p.m. It was at the ex-
pense of the probability of the activity learn. This situ-
ation was probably caused by the running of several 
educational projects at the university focused on the 
effective utilization of e-learning courses in blended 
learning form.  

 
a) 

 
b) 
Figure 3. a) Probability visualization of accesses of stakeholders 
to different types of activities in 2017. b) Zoomed view on activities 
with a smaller probability. 
Figure 3 visualizes the probability of stakeholder’s 
accesses to the different types of activities in the last 
academic year of the observed period as an example.  
A decrease in the probability of the activity learn, and 
an increase of probabilities of the activities manage 
and browse had several reasons. The overall consolida-
tion of e-learning educational study resources (Figure 
4a) and mainly the portfolio of interactive activities 
provided in the e-courses represent the most probable 
reason (Figure 4b). Whereas stakeholders’ activity in 
the meaning of the number of logs continually was 
increasing, the portfolio of module and resources types 
remained almost the same.  
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The changes in stakeholders’ behaviour could be con-
sidered the second reason. The improvement of teach-
ers’ training, who participated in the realized e-learning 
projects, meant that teachers began using the e-learning 
courses not only as a repository of the educational re-
sources but also as a platform for more active interac-
tion with the students (Figure 4b). At the same time, it 
can be noticed that the teachers graded the students, 
wrote posts and did other managerial tasks predomi-
nantly after their working hours even though the e-
learning courses have been used mainly in blended 
form. 

B. VISUALIZATION OF CHANGES IN INDIVIDUAL 
STAKEHOLDERS’ ACTIVITIES DURING THE 
OBSERVED PERIOD OF ACADEMIC YEARS 
Visualization of particular stakeholders’ activity during 
the observed period of academic years uncovers anoth-
er perspective on the changes in stakeholders’ activity. 
Furthermore, this view confirms the previous conclu-
sions.  
Figure 5 emphasizes the changes in the preferred ac-
tivities of the stakeholders between the academic years 

2010 - 2017. An increase in the probability of the activ-
ity manage (Figure 5a) as well as a related decrease in 
the probability of the activity learn can be seen there 
(Figure 5b).  
The course of the curves is in line with the subjective 
opinions of the teachers, who used to claim that stu-
dents’ activity used to increase during the night hours. 
The increasing in the probability of the activity manage 
can indicate, that the teachers partially improved e-
learning courses towards greater interactivity in the last 
academic years of the observed period and students 
have been forced to be more active.  
The visualization of the probability of the activity learn 
during the academic years 2010-2017 (Figure 5b) indi-
cates that if the stakeholders visited the VLE in the 
evening or the night, they probably read or downloaded 
available materials and actively participated in other 
course activities.   
The probability visualization of the activity browse is 
the highest in the afternoon (Figure 6a) during all ob-
served years. It can be assumed that the stakeholders 
visited the e-learning courses more often with the aim 

 
a) The total count of logs in different academic years for different learning resources.

 
b) The total count of logs in different academic years for different interactive activities. 

 
Figure 4. Comparison of real usage of different resources and activity modules in academic years 2007-2017 and their relative frequencies.  
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only to check new contributions from other stakehold-
ers, news or messages. 
The probability visualization of the activity develop 
(Figure 6b) should also be explained for completeness. 
Its probability seemed almost unchanged during the 
observed period and very low compared with other 
activities depicted in the previous figures. The reason is 
that particular actions grouped in this activity were not 
frequent enough. The students of the university VLE 
are not used to participate in educational content devel-
opment actively. The frequency of usage of collabora-
tive activities like wikis, workshops, blogs, has been 
seldom, as can also be seen in figure 5. The number of 
logs related to these modules was very low comparing 
other types of modules and actions.  
   

 
a) 

 
b) 
Figure 5. a) Probability visualization of activity “manage” during 
the academic years 2010-2017. b) Probability visualization of activ-
ity “learn” during the academic years 2010-2017. 
 

 
a) 

 
b) 
Figure 6. a) Probability visualization of activity “browse” during 
the academic years 2010-2017. Probability visualization of activity 
“develop” during the academic years 2010-2017. 

 
VI. MODEL EVALUATION 
Only the results of the model evaluation of the year 
2017 will be shown in this section as an example of the 
realized evaluation of the model. The reason is that 
similar results were also obtained for other academic 
years (2010-2017). Several steps should be realized 
during the model evaluation phase:  
1. empirical counts determination, 
2. theoretical counts estimation, 
3. visualization of differences in the empirical and 

theoretical counts of accesses (Figure 7), 
4. extremes identification, 
5. calculation of relative empirical counts of accesses, 
6. comparison of the distribution of the relative empir-

ical counts of accesses with the estimated probabili-
ties of selecting the activity j in hour i (Table IV),   

7. calculation of empirical logits, 
8. visualization of empirical and theoretical logits for 

individual activity except the referential (Figure 8) 
[33]. 

Several important aspects of this case study should be 
emphasized. Empirical counts of accesses 𝑦𝑖𝑖 were 
specified in the first step. Theoretical counts estimation 
were determined  

𝑦�𝑖𝑖 = 𝜋�𝑖𝑖� 𝑦𝑖𝑖
𝑖

. 
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Subsequently, differences in the empirical and theoreti-
cal counts of accesses were visualized 

𝑑𝑖𝑖 = 𝑦𝑖𝑖 − 𝑦�𝑖𝑖 . 
In the next step, a visualization of the differences be-
tween empirical and theoretical counts of accesses to 
the given type of activities in the e-learning courses 
(Figure 7) was applied to identify the extremes. It 
means that hours, in which the forecast was overesti-
mated (𝑑𝑖𝑖 < �̅�𝑖 − 2𝑠) or underestimated (𝑑𝑖𝑖 > �̅�𝑖 +
2𝑠), were identified [31, 32].  
In the presented case, the suitability of the model was 
confirmed by means of differences, which was approx-
imately equal to zero. Extremes were identified using 
the application of the 2sigma rule. The biggest differ-
ence between theoretical and empirical counts occurred 
at 8 a.m. in the case of all activities. Finally, four ex-
treme cases were identified. The prediction for the 
activities browse, develop as well as manage was over-
estimated at this hour. Contrary, the prediction for the 
activity learn was underestimated. Another two ex-
tremes were identified in the case of the activity devel-
op. The prediction was underestimated in both cases 
(10 a.m. and 12 a.m.).  

 
Figure 7.  Visualization of differences in the empirical and theoret-
ical counts of accesses for particular activities for the academic 
year 2017. 
 
Subsequently, the relative empirical counts of accesses 
were calculated 

pij =
yij
∑ yijj

. 

Finally, the distribution of the relative empirical counts 
of accesses with the estimated probabilities of selecting 
a particular activities j in hour i were compared 

𝑟𝑖𝑖 = 𝑒𝑖𝑖 − 𝜋𝑖𝑖 ,𝐻0:𝐹(−𝑟) = 1 − 𝐹(𝑟). 
Considering the fact that the distribution of pairs is 
symmetrical around the zero value, the Wilcoxon 
matched pairs test was used for testing the zero hy-
pothesis (H0). A statistically significant difference 
between empirical and theoretical probabilities was 
found only in the case of the activity develop (Table 
IV). The zero hypothesis for other activities was not 
rejected. The distribution of pairs was symmetrical 
around the zero value. 
 
 

TABLE IV  
WILCOXON MATCHED PAIRS TEST. 

 
Valid N T Z p-value 

theoretical_browse 2017  
& empirical_browse 2017 24 126 0.685714 0.492894 
theoretical _learn 2017  
& empirical _learn 2017 24 118 0.914286 0.360567 
theoretical _develop 2017  
& empirical _ develop 2017 24 78 2.057143 0.039673 
theoretical _manage 2017  
& empirical _manage 2017 24 111 1.114286 0.265157 

 
In the next step, empirical logits were calculated 

ℎ𝑖𝑖 = ln �
𝑒𝑖𝑖
𝑒𝑖𝐽
� , 𝑗 = 1, 2, … , 𝐽 − 1, 𝑖 ∈ {0, 1, … , 23}. 

Subsequently, the empirical and theoretical logits of 
examined activities were visualized whether the theo-
retical logits fit the empirical logits [31, 32]. Figure 9 
visualizes the empirical and theoretical logits for the 
activities browse, learn and develop. It could be con-
firmed considering this visualization, that the estima-
tions of the theoretical logits fitted to the empirical 
logits except for logits for the activity develop. In this 
last case, the empirical logits fitted to the theoretical 
logits only partially. 

 
a) 

 
b) 
Figure 8. a) Visualization of the empirical and theoretical logits of 
observed activities. b) Zoomed view, which confirmed that logits 
compose a quadratic function of time. 
 
An evaluation of the proposed multinomial logit model 
can also be done using other evaluation techniques. 
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The likelihood-ratio test (LR test, Deviance) was used 
followed by the Pearson statistics chi-square. 
The statistics G2 (Deviance) can also be applied in case 
the expected counts are large enough (it means that 
none is below 1 and no more than 20 % of the expected 
counts are below 5) for comparing the current model to 
the saturated model that estimates the probabilities 
independently for i = 0,1, ...,23.  

𝐺2 = 𝐿𝐿(𝜋�) = 2�𝐿(𝑒) − 𝐿(𝜋�)�

= 2��𝑦𝑖𝑖�ln𝑒𝑖𝑖 − ln𝜋�𝑖𝑖�
𝐽

𝑖=1

23

𝑖=0

 

= 2��𝑦𝑖𝑖 ln
𝑒𝑖𝑖
𝜋�𝑖𝑖

𝐽

𝑖=1

23

𝑖=0

= 2��𝑦𝑖𝑖 ln
𝑦𝑖𝑖
𝑛𝑖𝜋�𝑖𝑖

𝐽

𝑖=1

23

𝑖=0

. 

The next formula is obtained from the last modification  

𝐺2 = 2��𝑦𝑖𝑖

𝐽

𝑖=1

ln
𝑦𝑖𝑖
𝑦�𝑖𝑖

.
23

𝑖=0

 

Estimations y�ij to yij through the LR test could be 
compared. The model can be considered useful because 
the value of the LR test was low in this case (Table V). 
 

TABLE V  
STATISTICS FOR THE GOODNESS OF FIT. 

 
Df Stat. Stat/df 

Deviance (LR test) 1289344 8158320 0.6327 

Pearson statistics chi-square 1289344 12896817 1.0003 
 
The saturated model has 24(J − 1) free parameters. The 
current model has k(J − 1), and then the degrees of 
freedom df are equal to (24 − k)(J − 1). The statistics 
G2 has approximately χ2(df) distribution. The Pearson 
statistics can also be applied to compare the estima-
tions y�ij to yij  

𝜒2 = ��𝑟𝑖𝑖2
𝐽

𝑖=1

23

𝑖=0

, 

where 𝑟𝑖𝑖 =
𝑦𝑖𝑖−𝑦�𝑖𝑖

�𝑦�𝑖𝑖
 is the Pearson residual having 

𝜒2(𝑑𝑓) distribution. The model can be considered 
appropriate, if Pearson statistics equals approximately 
to one. 
In the given area of LA, the use of the LR test is often 
interrupted. The examined variable usually has a con-
siderable number of levels presenting the parts of the 
observed system (e-learning parts, pages, contents 
categories, activities, etc.). It has an impact on interrup-
tion of the usage term of the LR test. Consequently, the 
expected counts are not large enough. Therefore, alter-
native techniques for the model evaluation were used 
such as a visualization of differences between the em-
pirical and theoretical counts, extremes identification, 
comparison of the distribution of the empirical relative 
counts of accesses with the estimated probabilities of 
selecting activity j in hour i as well as a visualization of 
empirical and theoretical logits for individual activities 
except referential [32]. 

The results of the LR test and Pearson statistics chi-
square, as well as other alternative model evaluation 
techniques, confirmed that the model could be deemed 
suitable in general.  
On the other hand, alternative techniques uncovered 
worse results only for the activity develop on the level 
of frequency, probability as well as logits. The marked-
ly lower frequency of the accesses to the activity de-
velop in the last academic year is probably caused by 
stakeholders’ inactivity in this kind of activities, as 
well as by less accurate estimation of the probabilities 
of the activity develop in the academic year 2017. 
 
VII. RESULTS VERIFICATION USING 
BEHAVIOURAL PATTERNS ANALYSIS  
OF ACTIVITIES  
The visualization of stakeholders’ behaviour in the 
individual academic years, as well as visualization of 
the possible changes in their activities during the ob-
served period, uncover that the changes occurred most-
ly in the activities learn and manage. Whereas these 
changes were explained in the previous sections, the 
low probability of the activity develop remains partially 
unanswered. 
The selection of the modules and corresponding actions 
to the activities is considered the main reason, why the 
probability of the activity develop has changed at least. 
This statement can be verified using the results of an 
association rules analysis shortly described in this sec-
tion. 
The modules can be found in different activities based 
on their accompanied actions. However, their probabil-
ities of occurrence will be different in different activi-
ties (manage, develop, browse, learn). An association 
rules analysis can identify the most frequent modules 
and their actions in the meaning of their occurrence in 
the identified sessions.  
Consequently, it can be expected that the results of this 
analysis could uncover the most frequently visited 
modules and their actions, which belong to a particular 
activity.  
Association rules analysis is one of the most well stud-
ied data mining tasks in LA. It discovers relationships 
between attributes, producing if-then statements con-
cerning attribute-values. It has been applied to help 
teachers obtain detailed feedback how students learn on 
the web, to evaluate students based on their navigation 
patterns, to classify students into groups, and to re-
structure e-learning course contents [3]. 
The "interest" of an association rule is evaluated by the 
support, confidence and lift metrics. The support for an 
itemset is given by a proportion of records in the trans-
actions dataset that have the itemset. That means that 
for an itemset (A) the support can be calculated 
 
𝑠𝑢𝑒𝑒𝑠𝑟𝑡(𝐴) =

𝑓𝑟𝑒𝑓𝑢𝑒𝑛𝑓𝑦 𝑠𝑓(𝐴)
𝑛𝑢𝑛𝑛𝑒𝑟 𝑠𝑓 𝑡𝑟𝑎𝑛𝑠𝑎𝑓𝑡𝑖𝑠𝑛𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑎𝑡𝑎𝑠𝑒𝑡

∗ 100. 

 
The lift of rules can be similarly calculated. Based on 
support and confidence a lift for a rule can be defined 
and computed 
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𝑙𝑖𝑓𝑡(𝑖𝑓 𝐴 𝑡ℎ𝑒𝑛 𝐶) =  
𝑓𝑠𝑛𝑓𝑖𝑑𝑒𝑛𝑓𝑒 (𝑖𝑓 𝐴 𝑡ℎ𝑒𝑛 𝐶)

𝑠𝑢𝑒𝑒𝑠𝑟𝑡(𝐶)
, 

where  
𝑓𝑠𝑛𝑓𝑖𝑑𝑒𝑛𝑓𝑒(𝑖𝑓 𝐴 𝑡ℎ𝑒𝑛 𝐶) =  𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑖𝑖 𝐴 𝑠ℎ𝑒𝑛 𝐶) 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝐴)
∗ 100. 

The support of the association rule is the same as the 
support of the itemset. It represents the probability of 
the given module occurrence in the identified stake-
holders’ sessions. The confidence represents the proba-
bility of the given combination of the modules occur-
rence in the identified stakeholders’ sessions. Finally, 
lift is defined as the correlation. In other words, it 
means, how many times the combination of the mod-
ules occurs more frequently than in case if the modules 
would be statistically independent.      
A transaction represents a set of visited types of mod-
ules by the stakeholder during a session [31, 40]. Given 
a set of transactions, and user-specified thresholds 
minimum support (represented by the variable minsup) 
and minimum confidence (represented by minconf), the 
problem of mining association rules is to generate all 
association rules that have the value of metrics support 
and confidence greater than minsup and minconf. In 
this case, only modules with minsup greater than 5% 
were taken into account. The results were processed by 
association rule analysis using STATISTICA Sequence, 
Association, & Link Analysis, which is an implementa-
tion of the algorithm using a-priori algorithm together 
with a tree-structured procedure that requires only one 
pass through the data [45].   
Figure 9 depicts frequently found itemsets where the 
size of each node represents the support of particular 
type of modules, which were used in e-learning courses 
of the university VLE - 1-itemset (set of only one 
item). The thickness of the line between two types of 
modules represents the level of support for the 2-
itemset or a combination of two types of modules. The 
brightness of the line represents the lift of a pair of 
module types [50]. The final visualization of the given 

metrics (support, lift) of association rule analysis con-
firms the findings of the MLM application. 
The visualization confirms the previous assumption, 
that the modules in the activity develop were not fre-
quently used. 1-itemsets of modules wiki, the work-
shop did not fulfil the condition of minimal support. 
Other metrics of the modules in this type of activity are 
also less important compared to modules in other types 
of activities.  
At the same time, the results of the association rules 
analysis are in line with the findings obtained by the 
MLM application. The highest values of support in the 
activity learn belong to the modules Resource, Book, 
Page, URL. On the other hand, Assignments, Forum, 
Quiz are characterized by the highest values of support 
in the activity manage. The metrics confidence as well 
as lift of the 2-itemsets created from these modules 
confirm the findings that these modules are often used 
together in e-learning courses.  
 
VIII. DISCUSSION AND CONCLUSIONS 
As was mentioned earlier, the paper is focused on the 
temporal analysis of educational data. This area still 
provides both technical and theoretical challenges in 
finding suitable techniques and interpreting results in 
the context of education. The analysis of related re-
search papers showed that only several LA papers fo-
cused on time-based trends in the same VLE over dif-
ferent consecutive years of deployment. However, 
methods based on the theory of time series were mainly 
used in these papers.  
This paper tries to contribute to the research in this 
subtopic of LA by modelling the probabilities of the 
stakeholders´ accesses to the particular activities of the 
e-learning courses in the VLE at different time inter-
vals using MLM. The paper attempts to understand 
time-based trends in students' choice of activity type in 
a VLE. These time-based trends over several years are 

 
Figure 9. Web graph of the association rules related to the modules used in the e-learning courses with minimal support > 5%. 
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not frequently researched.  
The efficacy of the proposed MLM can be assessed 
using comparative analysis with several other state-of-
the-art approaches to the analysis of time-based trends 
in the stakeholders’ behavior. 
Data stored in the VLE can be considered as time-
based data, which represents the accesses to the indi-
vidual activities available in the system. Nevertheless, 
predictive tasks, which would be considered as time 
variables, is missing not only in the LA research field, 
but also in web usage mining in general. Sequence 
rules (patterns) and Markov chains are the only excep-
tions [3].  
However, the time variable is used only in a limited 
form in the case of sequence rules. It can help to de-
termine the order of the visited web parts (activities) in 
the identified sessions [15].  
Similarly, the time variable used in Markov chains can 
again determine only the order of the observed events. 
Considering this argument and the limitations of simi-
lar approaches to the analysis of time-based trends, the 
MLM was applied in the described research. As a re-
sult, the stakeholders’ behaviour in the VLE depending 
on time was analyzed and a new approach to how to 
solve a given predictive task was proposed.      
The proposed approach has several implications in 
practice. The estimation of probabilities, with which 
stakeholders access the individual activities of the e-
learning course at different times, can be utilized in 
different phases of the e-learning course management, 
and VLE administration.  
The probability of selecting an individual activity in a 
particular period by the stakeholder is given by the 
rigid structure of the e-learning course. Therefore, the 
most valuable asset of the MLM application does not 
lie in the process of developing new courses, but main-
ly in the process of restructuring the e-learning courses 
between individual cycles. The creator of an e-learning 
course can modify a portfolio of activities in the course 
according to the students’ behaviour considering the 
probabilities estimated by the MLM. If any activity 
seems to be preferred by the students only with a little 
probability, the creator should replace it by an alterna-
tive activity with comparable outcomes. 
The MLM application can improve a teacher’s ap-
proach to the students considering their behaviour. For 
example, the teacher can modify the course schedule 
according to the students’ learning preferences. Even-
tually, the teacher can research the impact of changes 
in the structure of the interactive activities on the stu-
dents’ behavior over several cycles of the same e-
learning course.  
The application of the MLM can also be useful for the 
university management. As a result, its application at 
different levels (an e-learning course, several cycles of 
the e-learning course, the courses of a particular study 
program) can improve stakeholders’ feedback. For 
example, the students’ answers in a survey focused on 
their study preferences can be compared with the found 
probabilities of accesses to the individual kinds of ac-
tivities.  

In addition, the managers can identify changes in stu-
dents’ learning preferences and behaviour over time. 
The coordinators of the online study programs can 
research the changes in the behaviour of teachers in e-
learning courses over several academic years. Moreo-
ver, the application of the MLM can improve the visi-
bility of teachers in the e-learning course, as well as 
contribute to the creation of institutional recommenda-
tions, which reflect the students’ behaviour. 
The proposed approach has several limitations. The 
distribution of the data based on the attributes module 
and action to the abstract activities, which was recom-
mended by the experts, did not fully correspond to the 
real distribution of these activities at the university. As 
a result, the probability of accesses to the modules 
belonging to this activity was very small. It also caused 
some problems with the identification of possible 
changes in the stakeholders’ behaviour over the ob-
served academic years. Therefore, the activities could 
be defined using other principles or results of other 
exploratory analytical methods. However, this fact has 
not affected the usefulness of the MLM itself. 
Future work should be focused on further improvement 
of the temporal educational data analysis. A common 
application of MLM and other data mining methods 
could lead to a better understanding of the behaviour of 
the VLE stakeholders over longer periods, identifying 
the impact of seasonality and time in general on the 
stakeholders’ behaviour and learning outcomes. It 
could also be interesting to research how the VLE 
stakeholders’ behaviour changes during the study and 
what is the impact of the learning design on their be-
havior. 
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