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Abstract 
 

Information and communication technologies are fundamentally changing the sphere of education in 
modern society. Online education is evolving and offering new opportunities for students’ data analysis. 
At the same time, there is a certain barrier in the interaction of specialists of different professions engaged 
in data analysis in online learning. The purpose of this article is to reduce this barrier by giving a brief 
analysis of the main directions of development and the possibility of using data in online learning and 
showing what results could be expected from the presented methods now and in the near future. This 
study presents the priority areas of learning analytics such as tracking students at risk, analysis of the 
most effective options for the course (face to face, blended, online), analysis of the relationship of student 
success from the key characteristics of the course and the behavior of students, the improvement of 
students’ assessment. The article also discusses the options for using data on the behavior of students in 
an individual and generalized form.    

 
© 2019 Published by Future Academy www.FutureAcademy.org.UK 
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1. Introduction 

Information and communication technologies have changed dramatically human social life 

(Gashkova, Berezovskaya, & Shipunova, 2017; Kolomeyzev & Shipunova, 2017; Pokrovskaia, 

Ababkova, Leontieva, & Fedorov, 2018; Razinkina et al., 2018; Shipunova, & Berezovskaya, 2018; 

Spihunova, Rabosh, Soldatov, & Deniskov, 2017). Education is one of the areas where change is 

especially noticeable. 

Online courses have firmly taken their place in the education system. Comprehension and 

evaluation of different forms of this phenomenon occurs by different methods, for example, with the help 

of sociological and expert surveys (Dziuban, Graham, Moskal, Norberg, & Sicilia, 2018; Göcks & Baier, 

2003; Katz, 2002; Sezer, & Yilmaz, 2004; Xhaferi, 2018) or comparison of academic achievement (Han, 

& Ellis, 2019). There are studies on the impact of students’ demographic (Golband, Hosseini, 

Mojtahedzadeh, Mirhosseini, & Bigdeli, 2014; Kotsiantis, 2012) and psychological data such as positive 

self-concept, realistic self-appraisal, preference for long-term goals, leadership experience, community 

involvement, and knowledge acquired by individual’s preferred learning style (Sedlacek, 2004), higher 

level of independence in the learning process (Katz, 2002), attitudes of students towards technologies 

(Xhaferi, 2018), readiness to online learning (Akaslan & Law, 2011) and others on the success of online 

learning. 

However, online education offers new opportunities to analyze the learning process, due to the use 

of the latest technological advances. Today, there are systems allowing to fully track the behavior of 

students during online education. Moreover the Method of biological feedback is used to evaluate 

student’s psychophysiological state and it can include body position and facial expression, sight direction 

(Eye Tribe), monitors of the level of physical activeness, different parameters of the 

electroencephalogram (EEG) of the brain (amplitude, power, coherence), measuring the values of the 

vegetative (sympathicparasympathetic) activation (skin conductivity, cardiogram, pulse frequency, 

electromyogram, temperature, photopletizmogram etc.), levels of mental stress, и others (Ababkova & 

Leontyeva, 2018; Ababkova, Pokrovskaia, & Trostinskaya, 2018; Sánchez Barragán, Solarte Moncayo, & 

Chanchí Golondrino, 2019). 

Researchers have long pointed to the need for the expansion of the use of intelligence revealed by 

the analytics process from Learning Management Systems (LMSs) (Kalmykova, Pustylnik, & Razinkina, 

2017; Macfadyen & Dawson, 2012; Ruipérez-Valiente, Muñoz-Merino, Leony, & Delgado Kloos, 2015). 

Furthermore, if attempts to organize the control of physiological and mental characteristics of behavior 

during offline training is quite controversial from an ethical point of view, so the online control does not 

bring any discomfort to students, although it also requires a consent to such control   

 

2. Problem Statement 

A huge amount of information about student learning behaviors and activities are retrieved from 

learning system logs or databases, creates the illusion of control. However, the question of how and for 

what purpose it can be used remains open.     
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3. Research Questions 

The study considers the following key issues: 

§ to find what data and for what purposes are used for online course data analytics; 

§ to analyze and classify existing approaches to analytics; 

§ to define the main ways to develop the use of data from learning analytics 

   

4. Purpose of the Study 

The aim of the study is to identify the main areas of application of analytical data on student 

behavior in the electronic course.  

 

5. Research Methods 

The study used a wide range of general scientific and special research methods, investigated the 

experience of 30 universities on the example of cases published in open sources. To form an idea of these 

online courses implementation in Russian universities the sociological methods were also used in the 

work (such as expert interviewing and participant observation). The results of the observation and 

interviewing are of scientific novelty, as in modern sociological practice there are no studies of Russian 

universities on the subject presented by these methods. When forming approaches to the analytics of 

online courses, the authors assumed the fact that this concept has a conditional character and is associated 

with the organization of educational activities and interaction of the teacher and IT-specialist based on a 

certain idea and principles of learning. The experience of application considered by authors allowed to 

define the main groups of data on students on online courses and to allocate a number of priority 

directions for the analysis of students’ behavior. In this study, we used an interdisciplinary approach, 

which allowed us to consider analytical tools in online education as a complex multidimensional process.   

 

6. Findings 

We can track the following major groups of data of students’ behavior: 

§ number and success of all attempts to complete course tasks; 

§ time/number of course visits, or specific different assignments; 

§ viewing video lectures (e.g., how much time from which lecture was viewed) 

§ the sequence of actions on the course (process mining); 

§ all activities of each student in the course (in video form); 

§ motion tracking (e.g., eye-tracking); 

§ a set of all student’s actions (keystrokes, mouse gestures and clicks) at the computer during the 

course (for example, using the keyboard shortcuts such as Ctrl+Copy and Ctrl+Paste while 

doing tasks figure 01); 

§ analysis of social interaction on communication platforms 

§ semantic analysis. 
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Figure 01. An example of visualization of working with a clipboard during a test 

 
Today there are several priority areas of analysis of student behavior in the course. 

 

6.1. tracking students at risk group (regarding the successful completion of the course)  

The formation of the early warning system is an interesting task at the intersection of pedagogy 

and computer science. The construction of such a reliable predictive model can provide a new tool for a 

teacher in Moodle (Gaudioso, Montero, & Hernandez-Del-Olmo, 2012) or Massive Open Online Courses 

(Tabaa & Medouri, 2013). Hu, Lo and Shih (2014) use online course time-dependent variables for 

building automatic notification system for students instructor through the email and the user interface in 

LMS on probability ‘‘fail the course’analysis of the most effective course options (for example, the 

comparison of success rates face to face, blended, on-line) 

The possibility of different combinations of online and offline elements of the course is at the 

center of studies for different courses from the point of view of time (Al-Qahtani & Higgins, 2013; 

Owston, & York, 2018) and the material being studied (Caron, Caron, Visentin, & Ermondi, 2011). 

Tomkins, Ramesh, & Getoor (2016) pay attention to the role of a teacher in a student’s online learning. 

 

6.2. Analysis of the dependence of success on the key characteristics of the course or 

supporting resources (for example, various options for building communication schemes 

or the use of social networks) 

Numerous studies point to the importance of social interaction during online learning (Al-Rahmi, 

Alias, Othman, Marin, & Tur, 2018; Davies & Graff, 2005; Gao & Lehman, 2003; Zhu, 2012). The role 

of connectedness is particularly emphasized, that can be supported by social networks (Alderson & 

Lowther, 2014), the features needed to build quality learning discussions in online learning are also 

highlighted (Han & Ellis, 2019).  

 

 

 



https://doi.org/10.15405/epsbs.2019.12.67 
Corresponding Author: Daria Bylieva 
Selection and peer-review under responsibility of the Organizing Committee of the conference 
eISSN: 2357-1330 
 

 634 

6.3.  Improving the assessment of the student 

An appropriate assessment of the student's work on the electronic course can be complicated due 

to the distance between the teacher and the student. Special tools are required for individual assessment of 

student collaborative activities (Aouine, Mahdaoui, & Moccozet, 2019). A separate problem is online 

cheating in different forms. For example, at the Universitas Terbuka in Indonesia Farisi (2013) indicates 

the emergence of “examjockeys”, namely someone who paid to impersonate another student and look to 

replace their own exams (p. 181). 

 

6.4. Analysis of the dependence of the success of the course on the behavior of students  

The parameters that are most often extracted from the learning analytics system are: the time spent 

on the various elements of the course, the number of references to them, the click stream sequence in 

which students have accessed certain elements (in different combinations), and the data of 

communication (the length of the posts on the forum, the frequency of interactions between users, etc.) 

could be separately analyzed. 

It would seem that the use of these data opens up tremendous predictive possibilities. But it turns 

out that despite the variety of data and their obvious relationship to learning outcomes, analyzing them 

becomes a challenge. 

For instance, the time devoted to a course intuitively seems to be closely related to the level of 

engagement and likelihood of success. However, for example, a study by Macfadyen and Dawson (2010) 

shows that those students, who received the lowest grade, on average spent a little more time on the 

course than those, who received the highest grade (p.593). And a study by Kushwaha, Singhal, & Swain 

(2018) demonstrates that high achiever students take average time passing a quiz, while slow responder 

students take maximum and low achievers (p. 476).  

 

Only the relationships of quite predictable indicators are statistically confirmed such as:  

§ in terms of the number of accesses to elements of the course - the number of quizzes passed 

predicts the final mark (Romero, Espejo, Zafra, Romero, & Ventura, 2013) or that low level of 

contributions to the course learning activities leads to fail (Helal et al., 2019).  

§ in the area of time spent - with the help of Rip, the Ripper implementation in Weka it could be 

predicted that with a low initial level of knowledge and minimal time spent, the student will 

receive a low mark (Gaudioso, Montero, & Hernandez-del-Olmo, 2012, p. 624). 

§ when analyzing the sequence of activities on the course - failed students who began their 

interaction with the course with the test, and not with other activities (Bogarín, Cerezo, & 

Romero, 2018), students who watch videos regularly and in batch are more likely to perform 

better than those who skip videos or procrastinate in watching videos (Mukala, Buijs, 

Leemans, & van der Aalst, 2015, p. 32) 

The search for new opportunities for data analysis in online learning continues. In particular, 

Coleman, Seaton, & Chuang (2015) offer to use modeling approach of latent Dirichlet allocation to 

predict the success of the course. Another approach is in modeling, based on the summation of LMS data- 

key types of behavior in the course (Gelman, Revelle, Domeniconi, Johri, & Veeramachaneni, 2016). 
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Figure 02. The main factors taken into account in the analysis of e-learning 

 

In Figure 02 there are factors, which commonly are taken into account in the analysis of e-

learning. However, the parameters, which could be highlighted and used in learning analytics, are much 

more extensive (for example in figure 03 we can see visualization of clicks, hovering on elements of site 

from blue to red (from not visited to height rated visited)). Therefore, the question of processing and 

presentation of these data in an accessible form remains open. 

 

 
Figure 03. Sample heatmap - visualization of clicks 
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7. Conclusion 

Online education continues to develop and improve, and along with increasing opportunities to 

analyze the behavior of students. It should be noted that there is a certain barrier in the interaction of 

specialists of different professions involved in data analysis in online learning. On the one hand, 

educators are not always ready to interpret the extensive data provided by the learning system. On the 

other hand, data analysts often form queries that do not fully meet the interests of teachers and course 

developers due to the lack of universal communication tools in the analysis of such data. 

However, we can already identify the main ways to develop and use learning data: 

 

7.1. In a generalized form, the data can be used: 

§ to quickly change the content of the course;  

§ to improve the design of the architecture of the teaching processes and content of the course; 

§ to develop common approaches to the elaboration of online courses 

 

7.2. In individual form: 

§ for tutor assistance to students at risk;  

§ to adapt the course materials to the peculiarities of student behavior 

§ to track the most complex topics that require additional work 

§ to track unethical behavior of students 
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