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Abstract. Currently architectures for learning analytics infrastructures are being 
developed in different contexts. While some approaches are designed for spe-
cific types of learning environments like learning management systems (LMS) 
or are restricted to specific analysis tasks, general solutions for learning ana-
lytics infrastructures are still underrepresented in current research. This paper 
describes the design of a flexible and extendable architecture for a learning ana-
lytics infrastructure which incorporates different analytics aspects such as data 
storage, feedback mechanisms, and analysis algorithms. The described infra-
structure relies on loosely coupled software agents that can perform different 
analytics task independently. Hence, it is possible to extend the analytic func-
tionality by just adding new agent components. Furthermore, it is possible for 
existing analytics systems to access data and use infrastructure components as a 
service. As a case study, this paper describes the application of the proposed in-
frastructure as part of the learning analytics services in a large scale web-based 
platform for inquiry-based learning with online laboratories. 

1 Introduction 

The analysis of the increasing amount of educational data at large scale in order to 
improve learning processes has become a growing research topic in the recent years 
[1]. The emerging field of learning analytics brings together different fields i.e. busi-
ness intelligence, web analytics, educational data mining and recommender systems 
[2]. Apart from that, there has also been research focused on the pedagogical and 
epistemological aspects of learning analytics [3]. However, solutions to support  
web-based learning environments as a whole with analytics services on the technical 
level are still underrepresented in the field. There exist learning analytics systems 
tailored for special use cases. Especially in web-based learning environments with 
flexible authoring facilities, that are not bound to a single domain, the set of different 
learning scenarios that can be supported by analytics features is unpredictable. Hence, 
instead of presenting a closed software system for a limited set of analytics tasks,  
the aim of this paper is to design an analytics infrastructure for web-based learning 
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environments, which functions as a general framework for several aspects of learning 
analytics. This comprises logging mechanisms for student actions, data storage and 
retrieval as well as intelligent user feedback. Algorithms for data analysis are imple-
mented as independent software agents which makes the infrastructure flexible and 
extendable. The work is based on current achievements in the ongoing EU project 
Go-Lab on personalised online experiments with virtual- and remote labs for usage in 
school. To achieve this, Go-Lab offers a web-based platform [4], which allows teach-
ers to set up reusable inquiry learning scenarios for students in an easy way. Conse-
quently the descriptions in this paper concentrate on analytics for this platform. 

2 Functional Characteristics of a General Analytics 
Infrastructure 

There are various opportunities to use the Go-Lab environment to create inquiry scenar-
ios with virtual and remote labs. This requires the possibility to create custom analytics 
solutions as well as the offering of general services by integrating existing systems. 
While many systems meet the demand of modularity, they dismiss the chance to tailor 
learning analytics to multiple stakeholders. Analytics services can be used for ex-post 
analysis by researchers to get insights into learning processes or to design new guidance 
mechanisms. In contrast to the perspective of ex-post analyses, the learners can also 
immediately benefit from such systems, typically through interventions. 
 
Action Logging. Before an analysis can be performed, the user activities need to be 
captured through the system, which can be achieved through action logging. Action 
logs must consistently reflect the users’ actions in the system. This comprises user 
access to resources as well as specific actions when using web apps. The logs have to 
be in an agreed format so that analysis methods can be developed independently. 
 
User Feedback. Learning analytics can be conceived as a cyclic process in which 
analysis and feedback steps are interleaved with learning. Referring to the learning 
analytics cycle, Clow [5] describes the key to the successful application of learning 
analytics as “Closing the loop’ by feeding back this product to learners through one or 
more interventions”. Therefore, appropriate channels need to be established. To pro-
duce immediate results to intervene, analysis components should be triggered in such 
way, that notifications can be generated on time to be fed back to the learners. Scaf-
folding tools have to be able to handle different kinds of notifications ranging from 
prompts to reconfiguration of tools to provide tailored guidance mechanisms. 
 
Ex-post Analysis. For many analytics task it is important to collect data over a certain 
period of time. In order to improve a learning environment as a whole, retrospective 
analysis of large datasets can be used for providing decision support to teachers and 
educational designers, and they are also very important as research and validation 
instruments. Learning analytics and educational data mining can be used in such cases 
to acquire knowledge about the learners in a larger scale. The intervention does not 
immediately affect the same learners that produce the data, but following generations 
of learners. Another reason for long time storage of data is to use real datasets for  
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the data driven development of new analytics and guidance components and the com-
parison of algorithms on different datasets [6]. These tasks require an adequate data 
management where data from different sources can be aggregated for analysis pur-
poses. In order to be open, the gathered data must be accessible by various analytics 
technologies that might already exist outside the infrastructure. 

3 Background 

3.1 The Go-Lab Inquiry Learning Spaces Platform 

The Go-Lab portal is an inquiry learning portal that allows teachers to discover, use 
and enhance online labs as part of their courses. Based on these labs, students can 
acquire skills in applying scientific methods while doing experiments using online 
labs. The pedagogical background is based on inquiry learning, where students are 
supposed to acquire knowledge in a scientific process by going through a cycle of 
orientation, conceptualisation, experimentation and conclusion. In Go-Lab, the ex-
perimentation phase is supported by online labs that can either be pure virtual labs or 
real physical labs that can be controlled remotely over the web. 

The learning activities take place on a platform that provides a variety of inquiry 
learning spaces (ILS) connected to remote labs [4]. The platform is based on the Graasp 
environment [7], available at http://graasp.epfl.ch. Teachers themselves can author 
specific inquiry learning spaces for students. Apart from online labs, such an ILS can 
include learning material, scaffolding apps in form of OpenSocial widgets1 for particu-
lar phases of the inquiry cycle, like a concept mapping tool for conceptualisation. 

3.2 Existing Learning Analytics Infrastructures 

Currently architectures for learning analytics software systems are being developed in 
different contexts. This incorporates also business analytics and data mining tools [8]. 
The most tools are designed for specific types of learning systems like learning man-
agement systems (LMS). LMS platforms like Blackboard2 and Desire to Learn3 offer 
their own analytics services packages which are dedicated to the end-user exclusively 
and hence not extendable. Fortenbacher et al. [9] developed the LEMO tool which is 
capable of descriptive analysis of resource usage and student activity as well as more 
complex analysis like the identification of frequent learning traces. This tool offers 
several connectors to learning management systems from different vendors.  

PSLC datashop [10] is a more research oriented platform that enables sharing of 
large learning datasets. Even if the focus is on effective data management it also of-
fers some analysis and visualisation tools. Another platform dedicated to analysts is 
the CRUNCH infrastructure4. It offers an analytics workspace to create analyses and 

                                                           
1  http://opensocial.org 
2 http://www.blackboard.com 
3  http://www.desire2learn.com 
4  http://crunch.kmi.open.ac.uk/ 
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reports based on R scripts. Scripts can be released as public web services and hence 
reused by others. Tools like PSLC datashop and CRUNCH are more focused on the 
development and reuse of analytics services and data. They can be used to develop 
and test analytics services very well, but do not provide direct feedback mechanisms 
for teachers or students on their own. More emphasis on analytics systems for intelli-
gent user feedback comes naturally from intelligent tutoring systems research (ITS). 
In the MiGen project [11] a layered architecture for intelligent feedback is presented. 
Feedback is produced when activity data flows through an analysis layer where sev-
eral components analyse different aspects of the learner behaviour. An aggregation 
layer aggregates the analysis results to a learner model and a feedback layer presents 
personalised scaffolds to the learner.  

All the mentioned systems serve different aspects of learning analytics. The chal-
lenge is to integrate different approaches into one open and extendable infrastructure 
in order to prevent fragmentation.  

The Open Learning Analytics project [12] advocates for modular systems that al-
low openness of process, algorithms, and technologies which is an important feature 
in a heterogeneous field as learning analytics. This should also be the line followed by 
the analytics architecture in Go-Lab presented in this paper. 

Two existing learning analytics infrastructures that also go into this direction are 
the analytics services of the Metafora platform [13] and the ROLE sandbox [14]. The 
Metafora platform is a web-based multi-tool environment for complex learning activi-
ties in small groups. It uses heterogeneous and decentralised components for action 
logging, analysis of group behaviour across the usage of multiple tools and user feed-
back. The ROLE sandbox is a platform for Personalised Learning Environments 
(PLEs). Its analytics system of uses widely accepted protocols and standards for ac-
tion log data and web services in order to achieve interoperability of datasets and 
services. This system implements a pipeline based processing of action logs in which 
it is also possible to enrich action logs with context information and metadata. 

4 Architectural Proposal 

4.1 Overview 

Our Learning Analytics Backend Services provide four interface components for 
different aspects of data acquisition, analysis and feedback mechanisms that are con-
nected to the other components of the Go-Lab portal. These are the Action Logging 
Service, the Notification Broker, the Analytics Service, and the Artefact Retrieval 
Service (see figure 1). Logs of learner activities are a major data source for learning 
analytics as stated in section 2. The Activity Logging Service establishes an endpoint 
for clients to push event logs of user activities to the server. In the Go-Lab portal, user 
tracking is handled by the ILS Tracking Agent. This agent collects logs that are gen-
erated when a learner interacts with apps or learning resources and sends it to the 
mentioned Activity Logging Service. Action logs are encoded in the well-defined 
ActivityStreams format5. In order to keep the client server communication transparent 
the Action Logging Client API encapsulates the complexity of sending logs to the 

                                                           
5  http://activitystrea.ms 
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server in the right format and can be used by every client component as a Javascript 
library. 

Another component for the acquisition of data is the Artefact Retrieval Service. 
This service can be considered as an adapter to different external data sources which 
allows the internal analytics components to gather artefacts from databases e.g. meta-
data repositories. A typical application of this service is to retrieve a list of keywords 
for a subject domain from the Go-Lab lab repository [4] to adapt a concept mapping 
app with a predefined selection of concepts in order to assist the learner in concept 
map creation. The second requirement described in section 2 is the ability to fed back 
analysis results to the client side for intervention. For this purpose the Notification 
Broker is a dedicated endpoint to establish a backchannel to the Go-Lab portal.  
Clients (i.e. guidance apps in the portal) can register for certain messages by estab-
lishing a socket connection via Socket.io6 with the Notification Broker by using  
the Notification Client API. Displaying a message that has been created by the 
backend is completely handled on the client then. In order to enable the ex-post analy-
sis of data gathered over a certain period of time as described in section 2, there will 
be data gathered over a certain period of time that reflects longer term information. 
Hence, the learning analytics infrastructure provides the Analytics Services interface, 
which allows access to these data from other services and analysis tools.  

4.2 Agent Based Analytics Infrastructure  

The internal components of the learning analytics infrastructure are depicted in  
figure 2. The architecture is based on a multi-agent system with a distributed shared 
memory in the form of a Tuple Spaces, which is implemented using SQLSpaces [16]. 
This component provides a shared memory for agent coordination and communica-
tion and also a workspace for analysis. Basically it can be seen as a blackboard 
through which agents exchange messages in the form of tuples as flat ordered collec-
tions of data. Software agents, for example an agent that analyses artefacts produced 
in inquiry learning spaces, can register listeners by specifying certain tuple templates. 
Whenever a tuple that matches such a template is added to the space the SQLSpace 
will notify the subscriber agent. This enables a loose coupling of components because 
data exchange and communication is completely mediated by the shared memory, 
manifesting an implicit protocol for agent communication. Agents can be designed to 
perform analyses and data acquisition autonomously or on-demand. This approach 
has been used successfully in other inquiry learning environments [17]. For Go-Lab 
the shared memory is intended for temporary storage of tuples. For persistent data 
storage we rely on a data warehouse approach [18]. This is a common way to aggre-
gate heterogeneous data from different sources for analytics purposes. The Action 
Logging Broker (figure 2) writes incoming activity logs to the shared memory for 
direct analysis but also into the data warehouse for long term storage. In the data 
warehouse these activity logs can be enriched by resource content gathered by the 
Artefact Retrieval Service. The data in the data warehouse can then be used for long 
term ex-post learning analytics and is available for specialised analysis tools and apps.  
 

                                                           
6  http://socket.io 
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Fig. 1. The Learning Analytics Backend Agent System 

4.3 Feedback Mechanisms and Example Case 

In order to implement and provide an effective feedback loop for immediate interven-
tion as described in section 2 this section outlines the typical information flow when 
feedback should be given to a student directly by scaffolding apps. Figure 3 depicts 
the complete data flow cycle when activity logging in the portal and backend analysis 
is involved. Given a scenario where a student uses a concept mapping tool and re-
ceives guidance in form of a concept recommendation. The concept mapping app uses 
the notification API to subscribe to the Notification Broker as a listener for messages 
from the analytics backend services on start-up (1.1) by providing a unique client id. 
Whenever the student modifies the concept map the action is logged by the corre-
sponding app. The user tracking agent AngeLA takes these logs (1.2) and sends them 
to the Action Logging Service (2) which itself delegates the log to the Action Logging 
Broker (3). This broker stores the received logs in the data warehouse for long-term 
storage (4.1) but also in the form of tuples in the shared memory (SQL spaces) (4.2). 
The action logs contain a unique id for the app that sends the logs. A dedicated con-
cept mapping analysis agent listens for tuples that have been send by corresponding 
apps, and hence it is triggered whenever action logs from these apps are written into 
the SQL spaces (5). When the agent detects that the student constructs a concept map 
in an unappropriated way, e.g. adds only a few sparsely connected concepts, it sends a 
concept recommendation message back to the app by inserting a notification tuple 
into the SQL spaces (6). Therefore it uses the unique client id which can be extracted 
from the action logs. Then the Notification Agent becomes actively notified by the 
SQL spaces that there is a new notification (7). This agent then uses the Notification 
Broker to send the message to the right client (8). Because the client app is registered 
with its unique id as a listener, the Notification Broker can choose the right socket 
connection to emit the message (9). The final handling/displaying of the concept rec-
ommendation is under the responsibility of each particular app. 
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Fig. 2. The feedback loop of the Go-Lab analytics infrastructure 

4.4 Integration of an Existing Analytics Workbench 

To allow for a visual specification of complex analysis workflows, our analytics in-
frastructure is integrated with an analytics workbench that has been developed in the 
recently finished EU project SiSOB7. The SiSOB project was devoted to using net-
work models and techniques from social network analysis (SNA) to enhance the 
monitoring and prediction of social impact of science beyond classical bibliometric 
methods. A technical outcome of the project was a web-based visual environment for 
the composition and execution of analysis workflows, including a variety of visualiza-
tion techniques [19]. The left side of figure 3 shows an example workflow, where the 
different concept maps created by students in a single session are used to build an 
aggregated graph, which is displayed in the end as analytics app for the teacher at  
the right side of figure 3. The node sizes correspond to the number of connections of 
the concept to other concepts, which may help the teacher to get a better picture of the 
common understanding of the topic of the students.  

The main benefit for Go-Lab from integrating this workbench is to enforce a multi-
stakeholder perspective on learning analytics which goes along with the requirements. 
A separation of analysis (authoring of workflows) and target platform (displaying the 
results) helps to address different target groups as students, teachers, researchers and 
lab owners. The outcome of the integration is a system that creates portable widgets  
 

                                                           
7 http://sisob.lcc.uma.es/ 
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analytics backend. In further work will focus on the integration of more analytics 
algorithms and the creation of specific guidance mechanisms for students.  
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