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1. Summary 

Learning analytics is now moving from being a research interest to topic for adoption. As this 
happens, the challenge of efficiently and reliably moving data between systems becomes of vital 
practical importance. In this context, “scalable learning analytics” is not intended to refer to 
infrastructural throughput, but to refer to the feasibility of a combination of: a) pervasive system 
integration, and b) efficient analytical and data management practices. There are a number of 
considerations that are of particular relevance to learning analytics in addition to elements that are 
generic to analytics. This contribution to EUNIS 2015 seeks to clarify, by argument and through 
evidence, both where there are potential benefits and limitations to applying interoperability 
specifications (and standards) in the service of scalable learning analytics. 

2. Extended Outline 

A lot of attention given to interoperability in the context of learning analytics has, so far, been given 
to the capture of learner activity. Among the drivers for this are wider trends in analytics and the 
diversity of IT used for education and training. Some of the best-known examples of business 
analytics make particular use of the traces captured during consumer interactions with web sites, 
and with social media. These motivate interest in the almost-magical acquisition of knowledge from 
apparently inconsequential data. The diversity in IT presents an old problem; it is difficult to analyse 
data that is spread about. This naturally introduces the idea of using interoperable systems and 
adopting standards. 

 

There are a number of issues that arise in this scenario, however. A critical issue revolves around the 
futility of attempting to define or use standards when there are no strong regularities. Except for 
relatively trivial processing and representation of data, analytics is an essentially exploratory 
discipline, and this is particularly relevant to complex and social processes such as teaching and 
learning. For all the term “data scientist” may have been over-used, it does capture the idea that 
the process of analytics involves theorizing, questioning, iterative advancement of knowledge, etc. 
This places severe limitations on a priori knowledge of what data should be used, or captured in the 
first place. For learning analytics, the case is more difficult because we have very little evidence 
from practice about the regularities that actually exist, beyond near-trivial observations such as 
prior academic attainment being a good indicator of future attainment, for example. Hence it is 
easy to fall into the trap of seeking a data model of everything, because so much data is potentially-
relevant. 

 

A compounding issue is that, whereas traditional forms of analytical processing rely on existing 
management data, such as student demographics, grades, and recruitment figures, more recent 
approaches to analytics rely on data that has greater variety and arises from traces left as people 
use IT systems. This is a central concern for learning analytics, where the data arises from normal 
use of multiple pieces of software in which the data structures are likely to have been designed not 
for analytics, but to realise teaching and learning use cases - e.g. for accessing video content, 
participation in forums – in a way is technically scalable and maintainable.  When statistical 
processing or data mining is undertaken, it is likely that analytically-significant data has simply not 
been captured. In any case, it is likely data has to be re-interpreted from structures that relate to 
the software architecture into structures that more closely relate to pedagogically-relevant actions. 



EUNIS-2015-paper-template.doc 

 

These issues suggest that a great deal of caution should be taken in applying standards to learning 
analytics, and yet the essential premise of achieving efficiencies by applying interoperability 
specifications remains. The authors have concluded that this Gordian Knot may be sliced by stepping 
back from the focus on learning activity data in detail, and looking for regularities elsewhere. 

 

In particular, the conclusions that we have drawn, and which will be elaborated upon at EUNIS 2015 
are as follows. Firstly, that the regularities of generalized analytics workflows are there to be 
leveraged; learning analytics implementers can draw on already-proven standards with cross-domain 
applicability. One good example is PMML (DMG, n.d.), the Predictive Model Markup Language, a 
mature XML-based specification from the Data Mining Group. It is supported by a range of software 
from the analyst desktop through to cloud computing data mining services. PMML has already been 
applied to learning analytics by the Open Academic Analytics Initiative (Jayaprakash, Moody, Lauria, 
Regan, & Baron, 2014). PMML and other standards for expressing statistical data are also desirable 
for their potential role in key aspects of analytics governance: audit, transparency, traceability, etc. 

 

Secondly, that there are efficiencies to be obtained both for data acquisition and storage systems, 
and for analysis, for example by defining common patterns for activity data capture while leaving 
the specifics of the data definitions largely fluid and open-ended. This is, itself, a common pattern 
in computing and IT: the definition of grammars, modeling notations, etc. This is the approach taken 
by the Experience API (ADL, 2013) (also referred to as Tin Can API) for its Statement data model, 
although it also includes some activity-specific elements that work against its generic capabilities. 
IMS Caliper has a common pattern for its event structure but adds further activity-specific elements. 
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