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Purpose 

Data collection is one of the most critical and time-consuming tasks when dealing with 

Learning Analytics (LA) system design. This problem has been addressed in the context of 

METAL [6] (Modèles Et Traces au service de l’apprentissage de Langues), a project whose 

aim is to improve the learning experience of lower secondary education students of the 

Lorraine region in France. Our collection approach follows a hybrid methodology between a 

top-down Data Mining (DM) approach based on the CRISP-DM process [1] and a bottom-up 

analysis starting from the international e-learning specifications [9] Experience API (xAPI) 

[4] and OneRoster [5]. As a result of this hybrid methodology, we have developed 

METALRS [8], an extended Learning Record Store (LRS) that combines standard student 

learning traces with academic data and other more intrinsic student information in a 

multidimensional model. 

Design 

The CRISP-DM methodology defines a process model that structures and describes the 

different phases involved in a DM project, namely: (1) business understanding, (2) data 

understanding, (3) data preparation, (4) modeling, (5) evaluation, and (6) deployment [2]. 

During the business understanding phase (1), we have conducted a deep study of the regional 

lower secondary education system in order to identify its major actors and stakeholders, as 

well as the main LA goals to be achieved. In that context, the first axis of the METAL project 

focused on the construction of teacher dashboards and student evolution panels able to reflect 

not only past and present activity indicators but also predictions of future learning outcomes 

and remediation actions. During the data understanding phase (2), we identified the most 
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relevant educational activities and processes, the links between them, and the data resulting 

from them. This data is distributed between many academic agents, i.e., the regional 

education academy, each one of the four county councils, each high school, and also in open 

and private online resource systems. The data preparation phase (3) implied the coordination 

of the various stakeholders as well as the process of mapping the data into a single naming 

convention that is applied directly into the source. At this stage of the CRISP-DM process, we 

have built a conceptual model in agreement with the xAPI specification (to represent students 

interactions with tools in the learning environment [3]) and an extended OneRoster model (to 

acquire present and historical academic data, demographics, and personal student 

information), according to the modeling needs predefined during the business understanding 

phase (1). The data modeling phase (4) uses the previous conceptual model to ease the 

selection of multiple DM techniques in order to address the numerous LA challenges [10] that 

METAL aims to resolve. For example, using different sequence pattern mining techniques 

over activity and learning traces in order to generate online learning resources 

recommendations to students and enhance their training in their weakest areas. 

Results 

DM processes like CRISP-DM constitute an effective approach for learning and student data 

collection that can be combined with the use of international e-learning standards to ensure 

adaptability. In the context of the METAL project, CRISP-DM guided us through the 

discovery of the french national education ecosystem from a data point of view [7]. 

METALRS [8] constitutes an intermediate product of the application of the CRISP-DM 

methodology to the METAL project. Our generic conceptual model and its implementation 

serve as a high-level framework to produce several sub-models. It is important to note that our 

approach involves the collection of learning and student data from many different sources. 

Therefore, some of this input data will require a transformation and translation process from 

text files to generate either xAPI or oneRoster compliant representations. According to the 

type of data, the collection will be carried out at different time intervals, e.g., learning and 
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activity traces might be sent in real time while personal student information might be 

collected at the beginning of every semester. The collected data is then processed by 

METALRS services and stored in a database. Afterwards, the obtained data is ready for 

further analysis, visualization, and also to be used as input for learning sub-models in charge 

of predicting and remediating student learning outcomes. Figure 1 describes the overall 

architecture of METALRS as well as the involved external components.  

  

Figure 1: Overall METALRS architecture 

 

Implications 

The french lower secondary education system is a singular environment because of the 

diversity of, online and offline, educational and learning management systems. The 

establishment of an approach for centralization and unification of data constitutes the first step 

towards a smart integrated educational system and a fundamental pillar for effective LA. 
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