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Abstract. The emergence of learning analytics as a discipline of its own has 
given way to a diverse subset of research fields offering very different approx-
imations to the topic. One of the most recent and active approaches is social 
learning analytics, which focuses primarily on the application of social network 
analysis (SNA) techniques and visualizations to study and help understanding 
interactions in online courses as a key pillar of social construction of learning. 
However, and despite this interest, current tools for analysis and visualization 
are very limited for advanced social learning analytics, and SNA applications 
cannot directly process data from learning management systems. This paper 
presents a technical view of the design and implementation of a web services-
based application that aims to overcome these limitations by extracting and 
processing educational data about forum interactions in online courses to gener-
ate the corresponding social graphs and enable advanced social network analy-
sis on SNA software. 
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1 Introduction 

In the past decade, widespread use of IT across organizations––both within the organiza-
tion itself and across organizational boundaries––has led to the generation of a vast 
amount of data originating from business processes, known as big data. Big data can be 
defined as “high volume, high velocity, and/or high variety information assets that re-
quire new forms of processing to enable enhanced decision making, insight discovery 
and process optimization” [1], and the urgent need to manage these data has given birth 
to the emergence of disciplines such as business intelligence and business analytics. 
While business intelligence and business analytics have been constantly evolving in the 
past years [2], the application of analytics to the educational landscape has not been 
much of a concern for researchers and practitioners until recently, despite the high 
growth of Virtual Learning Environments (VLEs) and learning management systems 
(LMS) adoption for online and blended learning (e-learning and b-learning, respectively). 
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Despite early efforts from the educational data mining field––cf. Ventura &  
Romero [3,4]––only in the past five years has the educational community realized of 
the potential value of educational data analysis for the optimization of educational 
processes and, more specifically, for the improvement of learning. In this context, the 
celebration of the First Conference International Conference on Learning Analytics 
and Knowledge (LAK’11) formalizes the birth of a new discipline, learning analytics, 
which aims to translate the concepts present in business analytics to ICT-supported 
education [5]. Thus, a broad definition of the concept describes learning analytics as 
“the measurement, collection, analysis and reporting of data about learners and their 
contexts, for purposes of understanding and optimising learning and the environments 
in which it occurs.” [6]. 

Although early research on learning analytics focuses on the study of LMS logs for 
prediction of student success or at-risk student detection in online instruction, mostly 
relying on regression analysis––cf. [7]–, more recent research on this field has 
brought novel approaches that try to go beyond statistical analysis and offer other 
informative and decision-oriented perspectives, such as visualization–e.g., [8]––or 
social learning analytics–e.g., [9]. 

This study focuses on the latter, and more specifically on how to facilitate detailed 
social learning analytics from LMS data. In order to do so, a basic definition of the 
concept of social learning analytics will be provided in Section 2, along with a brief 
description of the most popular tools used for social learning analytics, and their  
advantages and disadvantages. From the description of these tools in section 2 we 
conclude that there is a need for development of new tools capable of LMS data  
extraction and processing for advanced social learning analytics. Section 3 will cover 
the design and implementation of such a tool––named GraphFES, a web services-
based application––from a software engineering perspective, and will therefore  
describe the functional and software requirements, the system design process, system 
architecture, system implementation and operation. Finally, Section 4 will briefly 
illustrate the operation of the application with an example. 

It must be emphasized again at this point that the main goal of this study is not to 
offer an in-depth study on social learning analytics, the use of social learning analyt-
ics tools, or the application of social network analysis to educational data, but rather 
to thoroughly describe the design and implementation of a tool that makes it possible 
to narrow the gap between educational data available in formal LMS and the tools 
that facilitate social learning analytics. Therefore, next section will only briefly cover 
and address relevant concepts that are necessary to comprehend the potential of 
GraphFES for education. 

2 Social Learning Analytics 

In formal learning environments, the learning process takes place generally in  
learning management systems (LMS). LMS allow students to develop individual, 
self-directed learning through access to learning resources––documents, videos,  
external links, etc.––and assessment instruments, such as quizzes or essays, but they 
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also provide means to communicate with their peers and instructors to make up for 
the lack of physical contact and to make social construction of knowledge possible. 
This is especially critical in collaborative learning, where social learning is positioned 
at the center of the process. Social learning theory establishes that cognitive processes 
take place in a social context, by reciprocal interaction between behavior and control-
ling conditions, both individual and environmental [10], and that knowledge is created 
and constructed by the interactions of individuals in a given society [11]. This pers-
pective brings attention to knowledge creation by participation and engagement in the 
discourse––e.g. communities of practice [12]. Course forums are an essential part of 
social learning in formal contexts––i.e. LMS––, and therefore understanding the dy-
namics of interactions in course forums is key to explain social learning. 

Buckingham-Shum and Ferguson [13] make a distinction between inherently social 
analytics, which only makes sense in a collective context, and socialised analytics, as 
personal analytics that have new attributes in a collective context. Among inherently 
social analytics, they propose two strands of analytics focusing on interpersonal rela-
tionships––social network analytics––and language analysis for social construction of 
knowledge–discourse analytics–, respectively. 

From this perspective, it is evident that explaining social learning from an analytics 
perspective requires novel approaches relying on social network analysis (SNA) of 
educational data. SNA helps understanding the social dynamics of a given group. In 
formal educational settings SNA focuses mainly in the interactions that take place in 
bounded spaces for collaboration, primarily course forums. The main uses of SNA of 
educational data include identification of relevant learning agents, such as at-risk 
students, knowledge brokers or influential students [9]. 

One of the most distinctive characteristics of SNA is that it may provide meaning-
ful information in two different ways: analysis and visualization. Analysis focuses on 
calculation of SNA parameters and metrics for each node––see Freeman [14] for fur-
ther information about centrality measures, and Hernández-García [15] (p. 156) for 
further information about SNA metrics for learning analytics––and network overall 
parameters. Visualization of social networks, on the other hand, provides graphical 
information to facilitate understanding of the different relationships among agents. 
The purpose of this study is to facilitate advanced SNA analysis and visualization of 
educational data, and thus the next section will give an overview of three popular 
tools to perform SNA of data from the leading open-source LMS, Moodle [16]. 

Tools for Social Learning Analytics 
SNAPP is a web browser bookmark let that extracts information about message board 
activity from LMS, and then builds up the resulting social network in a Java applet. 
SNAPP displays social network graphs from LMS forum data by parsing forum con-
tents––i.e. it does not use information from the LMS logs–and allows basic manipula-
tion and filtering, as well as temporal representation and evolution of the graphs and 
graph export features. SNAPP also provides basic centrality SNA measures, such as 
degree, in- and out-degree, betweenness and eigenvector centrality, and network den-
sity. However, it requires advanced security permissions and lacks support for newer 
versions of Moodle. 
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Forum Graph is a Moodle’s report plug-in that displays the resulting social graph 
from activity in a single forum. Forum graph is therefore integrated in Moodle and it 
is easy to install; nevertheless it does not allow filtering and graph manipulation, and 
it does not provide SNA metrics, limiting its suitability for advanced SNA. 

Meerkat-ED is a Java application that can load forum and post information from 
Moodle backup files, and then extracts it and builds the resulting social graph. Meer-
kat-ED includes both social network analytics and discourse analytics capabilities. 
Regarding SNA, Meerkat-ED facilitates basic graph manipulation, capabilities to 
visualize temporal evolution and basic SNA metrics. 

From the above, it is manifest that these tools, albeit useful for basic analysis, lack 
capabilities for advanced SNA: SNAPP and Forum Graph provide little information 
other than visualization of the network topology, but Meerkat-ED shows how external 
apps may improve analysis and visualization by separating the data layer from 
Moodle logs and the process and presentation layer done in the application. 

Given these limitations, the next logical step is to consider the use of SNA specific 
software tools instead, such as Gephi, which do have the necessary functionalities in 
terms of visualization––including complex manipulation––and advanced analysis of 
SNA metrics. However, the way LMS store data is not adapted to the format used by 
SNA applications, and therefore data pre-processing is necessary. The following sec-
tion presents our solution to this problem by using a web service-based application 
named GraphFES (Graph Forum Extraction Service) that extracts forum interaction 
data from Moodle logs and creates a graph that can be analyzed in Gephi, and gives a 
detailed explanation of the system design and implementation. 

3 GraphFES: Design and Implementation 

3.1 Software Requirements Specification and Project Design 

Functional and Technical Requirements 
The main objective of GraphFES is to extract data related to forum activity from 
Moodle logs and create the resulting social graph for SNA in Gephi. In order to make 
it independent of LMS changes, the first requirement is that GraphFES will be an 
external application. In Moodle, this means that it is necessary to create a local plug-
in that implements external functions to extract database information. This ensures 
that structure and order of the LMS architecture is preserved. The local plug-in ex-
poses these functions, but it also requires activation of web services in Moodle in 
order to make the functions accessible to external applications. 

Once access to the database from an external application is possible, it is necessary 
to create said application, which must execute the queries to the database for data 
retrieval. After collection of all relevant data––only forum data––, the application 
must be able to process them and to create a social graph in a format that the SNA 
application––i.e. Gephi––can read; in this case, and in order to be able to use all of 
Gephi’s potential, the format chosen is Gephi’s native format: GEXF, an extensible 
markup language (XML). Apart from data extraction and processing, the application 
should also have a simple graphic user interface for user interaction. 
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Using web services to perform the database queries requires the use of HTTP re-
quests to Moodle, otherwise data extraction would not be possible. Because data is 
transmitted in JSON, it is necessary that the application can handle JSON. 

There are three additional desirable characteristics in the final system: 1) compati-
bility with different versions of the LMS, to avoid falling in the same problems as 
SNAPP; 2) client platform independence, so that it may be used in different operating 
systems; and 3) high processing speed, for increased performance. 

Project Design 
After identification of the main system requirements, the next step is to address the 
software project design. By reviewing the literature on software engineering, different 
design options are considered. The simpler one is the waterfall model [17]; the water-
fall model structures the different stages of the software development in a sequential 
way. While the waterfall model is a good choice for small projects, it does not allow 
changes during the project and prototypes of the system are not available until the 
latest stages. Prototyping [18] helps overcoming these limitations, by defining the 
initial specifications for the creation of a prototype; the prototype is a basic product 
that includes only the essential characteristics of the final product. Prototypes give an 
idea of how the final product will look like, and allow revision of requirements for 
next iterations. While such an approach might seem adequate to the development of 
GraphFES, it might increase the duration of the project because GraphFES comprises 
different modules. The spiral model [19] is a generalization of prototyping that can 
shorten project duration, incorporating the sequential stages from the waterfall model 
but with a series of evolutionary deliverables that further refine the prototype after 
each iteration. Unfortunately, the spiral model is suitable for more complex projects, 
adding too much work overhead to small projects. Finally, iterative and incremental 
development [20] is the pillar of the Unified Process and other agile methodologies. 
Iterative and incremental development uses short iteration cycles that minimize risks 
in software development. The iterative and incremental development model is suitable 
to the design of GraphFES because it facilitates development of its different compo-
nents along different iterations, with different system prototypes that make it easier to 
evaluate functional and technical requirements, and introduce changes in case it is 
necessary. 

GraphFES comprises different components but, since they are dependent, they 
should be implemented in a given order. The collective application model [21], useful 
for learning analytics purposes [22], has a cyclical nature that suits both the iterative 
and incremental development model and GraphFES, comprising of three stages: in-
formation gathering––select and capture––, information processing––aggregate and 
process––and information presentation––display. Therefore, the first development 
iteration must cover the local Moodle extension because it handles data extraction and 
delivery to the application. The second iteration should then cover the web application 
that collects the data and processes them to create the graphs. A final third iteration 
would cover system requirements revision and prototype changes. During the soft-
ware implementation process, however, it was detected that from Moodle version 2.6 
onward the log system had been changed, and therefore a new iteration was included 
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Fig. 2. GraphFES system architecture 

3.3 System Implementation 

Technology 
Development of the local plug-in requires the use of PHP programming language 
––the same as Moodle, because it has to be included in an external folder in the LMS. 
There are two main components of the local plug-in: a file called services.php, that 
declares the external functions of the web service, and a file called externallib.php, 
which implements the external functions and performs the database query. 

The web application, on the other hand, was developed in a cross-platform lan-
guage––Node.js with the Expressjs framework––to ensure that it would operate in 
different systems, and both from a local or remote host. Node.js also improves appli-
cation speed and performance because it is an event-oriented programming language 
that allows a high number of concurrent connections. Two additional JavaScript libra-
ries were needed for graph generation after data processing: elementtree, for GEXF 
generation, and Sigmajs, for graph pre-visualization––pre-visualization was intro-
duced in iteration 4 as a graphical user interface enhancement. 

Use Case Scenario 
A use case describes system operation in a specific scenario, and how the different 
actors interact with the system. The use of GraphFES is oriented to instructors and 
course administrators, and therefore the following use case scenario analyzes the inte-
raction of a teacher with GraphFES: 

1. A teacher with a valid user in Moodle LMS accesses GraphFES. GraphFES then 
prompts for logon credentials: username, password, URL of the Moodle LMS and 
name of the web service. 

2. After authentication, the web interface of GraphFES shows a list of the available 
courses that the teacher may analyze. 

3. The teacher chooses one course and GraphFES starts graph generation. 
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The process depicted in Fig. 3, which summarizes GraphFES operation, can be ex-
plained in the following sequential stages: 

1. The user (most likely, a teacher or course administrator) introduces logon  
credentials, including URL of Moodle and name of the web service (Note: the 
web service has to be activated in Moodle; web service activation in Moodle is a 
straightforward process, but it is omitted in this study due to length limitation. We 
refer the reader to the following URL for further information: https://docs.moodle. 
org/29/en/Using_web_services). 

2. The web application requests the user’s token. 
3. If logon credentials are correct, Moodle returns the token that the system will use 

for the following petitions; else, GraphFES shows a logon error message. 
4. Using the token, the web application requests the list of courses available for that 

user in Moodle. 
5. Moodle returns the list of courses in JSON format. The list may be empty if the 

user cannot access any course or no course exists in the Moodle LMS. 
6. The web application shows the list of courses for the user to choose one. 
7. The user selects a course and triggers the graph generation process. 
8. The web application requests the list of users enrolled in the course and the list of 

course forums. 
9. Moodle returns the lists of users and forums in JSON format. 

10. The web application requests course logs for the forum module. 
11. Moodle returns the record from the Standard Log in JSON format. 
12. For each discussion thread, the web application requests all the posts included in 

that thread. 
13. Moodle returns the list of posts included in each thread in JSON format. 
14. Steps 10-13 are repeated for the Legacy Log. 
15. After collection of all data, the graph generation process starts. 
16. When graph generation has ended, three graph files are stored on disk, in order to 

make them available to the user. GraphFES generates three different graphs, 
known as Views, Replies and Messages. As mentioned in the introductory section, 
the analysis of the resulting graphs from GraphFES processing is out of the scope 
of this paper. We refer to [15] for more information about these three types of 
graphs and how to use them for SNA in Gephi. 

17. The web application shows a table with the different graphs generated, and allows 
the user to download them for SNA in Gephi or make a Force Atlas pre-
visualization on the web browser. 

System Testing 
Mandatory testing follows the development of GraphFES, including three different 
tests: plug-in tests, web application tests and integration tests. Plug-in tests comprise 
intensive correct access and log data extraction checks, detection of incorrect input 
parameters and exception launching as response. Web application tests include error 
reporting after introduction of erroneous access data, correct GEXF checks, genera-
tion of graphs with no logs, no course forums, no posts and no post views, generation 
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