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Abstract. By far the most popular specification for learning objects is the IEEE
Learning Object Metadata (LOM) standard. In it are outlined 76 different elements that
correspond to pedagogical, technical, and administrative aspects of learning objects.
This standard, however, has proven to be ineffective for creating computer adapted
dynamic courseware.
This paper outlines some initial research we are doing in acquiring, describing,
and using learning object metadata. Instead of the IEEE LOM, we argue for a more
flexible approach to both defining and associating metadata with learning objects. By
creating domain, educational, and learner characteristic ontologies, content can be
dynamically linked to those competencies that are observed in a running e-learning
system. This provides for a set of evolutionary metadata, where software agents can
inspect multiple metadata instances for a given learning object and reason over them
for a particular goal. As more metadata instances are added to the system, agents are
expected to be able to provide more accurate reasoning, eventually leading to the
dynamic delivery of personalized course content.

Introduction
Perhaps the most widely used and accepted learning object specification is the IEEE Learning
Object Metadata (LOM) standard [14]. This standard identifies 76 different aspects by which
a learning object can be annotated, and is supported in some way by all major learning object
repositories and e-learning platforms. One would think then, that learning objects should be
rich with metadata markup, and that the interrogation of such metadata by a content
management system could be used to dynamically assemble a course. This, however, is not
the case – content management systems are increasingly static, with even relatively simple
rules-based sequencing specifications seeing little to no adoption [6].
The ability to dynamically assemble a course from learning objects is an important goal
within the educational technology community. Nonetheless, current e-learning standards and
specifications are both too restrictive in the variety of metadata they capture, and too lax in
how they express the structure of such metadata. Many learning object repositories support
only a few of the fields available, and most do not support an external query format (e.g. [17])
which could be used by computer agents to retrieve objects from the repository. The result is
that nearly all learning object based courses are created directly by instructional designers,
who align content they have explicitly hand crafted for a given educational purpose. This
purpose generally includes both an educational outcome (e.g. "understand relational operators
in ECMAScript at a level such that the student can apply them to new situations") as well as
an educational instruction style (e.g. a particular language, background, or learning style that a
student is assumed to have). This makes dynamic delivery difficult, as an instructional

designer must create many different versions of a course for the different kinds of purposes he
or she hopes to achieve.
Instead, we argue that a more flexible method of associating metadata with learning
objects will help in realising the on-demand assembly of courses for different educational
purposes. A larger set of well-defined ontologies sufficient for particular purposes should be
used instead of a single highly constrained taxonomy of values like the LOM. Further, the
ontologies should be marked up in an unambiguous syntax such that they are able to be
understood by software agents. This syntax must take into account the kinds of data types that
agents are able to manipulate, and must appropriately codify metadata instances to conform to
these. Finally, repository and content management software must be able to associate multiple
metadata instances with a given learning object, and allow for agents to pick and choose those
instances that fit their needs.
This paper is organized as follows; Section 1 outlines specific issues both we and others
have had when trying to use the IEEE LOM with software agents. Section 2 outlines in
general terms our approach, dubbed the ecological approach. Section 3 indicates how we are
using semantic web techniques help to enable this approach in real e-learning systems.
Finally, section 4 concludes the work by identifying some potential related areas for
exploration.

1. Issues with the Learning Object Metadata Standard
The IEEE Learning Object Metadata (LOM) standard [14] provides a format for representing
technical, administrative, and pedagogical metadata about a learning resource. While adopted
by e-learning vendors and used in many other e-learning specifications (e.g. [18] [13] [10]), its
use in actual deployed learning systems is sparse at best. The specification suffers from three
main issues. Firstly, to create a conforming LOM document requires only a few of the many
available fields be filled in. Friesen provides a compelling example of this in a study of 250
learning object metadata records (chosen from five different projects evenly) where only 36%
of the elements were used more than half of the time, with many elements never used at all
[11]. Further, the elements used often referred to custom or local vocabularies, a practice that
effectively eliminates semantic interoperability. While it has been suggested that automatic
metadata generation tools are a potential solution for this, work to date has been less
convincing. For instance, in [8] a set of tools were developed to try and automatically
generate LOM data by directly data mining the learning object content and the context in
which it is being delivered. This worked only for a small set of fields (less than 25%) and
proved to be an error prone process where many of the automatically generated fields disagree
with the values set by content experts.
In addition to a lack of instance data, many learning object based products released have
poor support for the full LOM. Expressed in the Learning Object Metadata Best Practices
guide, "Many vendors expressed little or no interest in developing products that were required
to support a set of meta-data with over 80 elements…[and the] burden to support 80+ metadata elements on the first iteration of a product is too great for most vendors to choose to
bear". [3] The end result is partial implementation, where many of the more complex fields
(which happen to be the most useful for dynamic courseware generation agents, as they relate
a learning object directly to domain vocabularies) are discarded, and only the simple fields
(such as title, or description) are kept.
While the goal of the LOM was to make data available to both human interpreters
(generally teachers and instruction designers) and computer agents, the standard provides
several examples of poor data typing, leading to potentially ambiguous situations. Some of

our previous work has identified that the version and lifecycle elements of the LOM are
generally stored as arbitrary human readable text, and are thus unreliable for automatic
processing [5]. Further, Friesen indicates that even those elements that are required by the
standard to be strictly data typed are often not, as was the case of vCard contact information,
where none of the documents in a 3,000 instance test set were found to conform [11].
In addition to internal issues with applying the metadata standard, there are external
issues. In particular, most learning object repositories allow for only a single metadata
instance to be associated with a learning object. Anecdotal evidence observed in assigning
metadata to a set of computer science learning objects [9] suggested that inter-rater reliability
is often quite low, especially when only a few fields are chosen by authors. This appears to be
a general trend in educational metadata, whether the resource being described is a tutorial,
discussion thread, or other digital artefact. By restricting learning objects to single instances
of metadata, repositories are significantly limiting both the quality and quantity of information
that can be expressed about a given resource.

2. The Ecological Approach
We are working on implementing an alternative theory of metadata, called the ecological
approach, to overcome the defficiencies present in the standards based approach. In the
ecological approach the e-learning system keeps a learner model for each learner, tracking
characteristics of the learner and information about the learner’s interactions with the
learning objects they encounter. After a learner has interacted with a learning object, the
learning object is associated with an instance of the learner model. The information in
such a learner model instance can include
• information about the learner, including cognitive, affective, and social
characteristics and their goal(s) in accessing the content;
• information about the learner’s perspectives on the content itself, including the
learner’s feedback on the content, the learner’s knowledge of the content (as
determined, for example, by a test administered during the learner’s interactions
with the learning object);
• information about how the learner interacted with the content, including observed
metrics such as dwell time, number of learner keystrokes, patterns of access, etc.;
• information about the technical context of use, including characteristics of the
learner’s software and hardware environment;
• information about the social context of use, including links to the learner model
instances attached to learning objects previously encountered by the learner.
Over time, each learning object thus slowly accumulates learner model instances that
collectively form a record of the experiences of all sorts of learners as they have interacted
with the learning object. The collected learner model instances can then be inspected for
patterns about how learners interacted with the learning object, for example that learners
whose knowledge has been evaluated as weak did not have long dwell times, or that
learners with certain cognitive characteristics did well. The sequence of learner model
instances for a particular learner forms a “learning trail” through the learning object
repository, and this trail can also reveal interesting patterns of success and failure for the
learner.
There are an enormous number of patterns that can be found when inspecting actual
learner behaviour. The key to finding meaningful patterns is the purpose (in the sense of
[20]) for which the patterns are sought. Each such purpose places its own particular
constraints on what patterns are meaningful, how to look for these patterns, and how to use

what these patterns reveal in order to achieve the purpose. Thus, determining whether to
recommend a specific learning object to a particular learner may require comparing this
learner to other learners on important characteristics and then looking at how similar
learners have evaluated (or been evaluated on) the content (and, moreover, the
characteristics considered to be important are themselves determined by the learner’s own
goals). On the other hand, determining whether a learning object is now obsolete may
require an examination of all learners’ evaluations of the content, trying to extract temporal
patterns in the evaluations that show how recent learners like or dislike the content. The
key point is that it is the purpose that determines what information to use and how it is to
be used. An ideal goal for a real time e-learning system is that this determination be made
actively (in the sense of [15]) at the time the purpose is invoked, so that no a priori
interpretation needs to be given to the information; however, time constraints on executing
the data mining algorithms may mitigate against such real time computation in many
circumstances.
In sum, then the ecological approach promotes the notion that information gradually
accumulates about learning objects, the information is about the use of the learning object
by real learners, and this information is interpreted only in the context of end use. The
approach is ecological because over time the system is populated with more and more
information, and algorithms emulating natural selection based on purposes can determine
what information is useful and what is not.
There are many possible applications for the ecological approach in e-learning. The
approach could underlie the design of
• a study aid, for example to retrieve for a learner relevant papers from a cache of
such papers for a graduate student trying to learn about an area of research (e.g.
[19]);
• a recommender system, to recommend some content to a learner that is relevant to
his or her current task (e.g. [16]);
• an instructional planner, to plan out a sequence of content pages of relevance to a
learner, sort of an individualized curriculum of study;
• a group formation tool, to suggest to the learner a group of other learners relevant to
solving a particular task or learning about a particular subject (e.g. [22]);
• a help seeker, to find another learner who can help the learner solve a problem he or
she has encountered (e.g. the I-Help system [12]);
• a reminder system, to keep a learner updated with new relevant information, say
from the web, that is relevant to the learner’s goals;
• an evaluation tool, to allow learners’ interactions with educational content to be
studied by instructional and cognitive scientists, in particular to look at the
experiences of all learners or particular types of learners with some educational
content;
• an end-use tagging system, to automatically derive educational content tags from
pre-established ontologies based on the experiences of the actual users of the
content, and that can be parameterized by end use variables such as type of learner,
success/failure of the educational content for each type of learner, etc. A variant of
this is possibility is the ability to refine, modify, or change pre-assigned metadata
based on inferences from end use;
• an “intelligent” garbage collection system, to determine the on-going relevance of
educational content and, if necessary, to suggest modifications or even that it be
deleted as no longer being useful to learners (e.g. as discussed in [4]).

3. A Semantic Web Approach to Supporting the Ecological Approach
3.1 Introduction
As described more fully in [6], the Department of Computer Science at the University of
Saskatchewan has developed a set of e-learning applications which includes both a discussion
forum system (asynchronous and synchronous), as well as a learning object-based content
management system. Each of these systems is connected to the Massive User Modelling
System (MUMS) [7] – a piece of semantic web based middleware which allows these systems
to create small packages of learner modelling information called events. These events are
marked up using the Resource Description Framework (RDF), and correspond to one or more
RDF schemas1. Events are then forwarded from e-learning applications to higher level
applications, in particular software agents, where they can be analysed and acted upon.
Our initial work in applying the ecological approach to learning object metadata is
based primarily around our content management system, the iHelp LCMS. This system
delivers standard IMS Content Package [18] formatted learning objects to learners, and
typically includes text, video, and interactive exercises. In addition to reading the content,
learners must complete a short quiz both before and after the learning object is delivered.
This quiz contains multiple choice questions which are related to the content that is being
taught. Each question/answer pair in a quiz is mapped to a particular domain concept
expressed in our domain ontology, as well as an entry in an educational objectives ontology.
Our domain ontology is a large (1,000+ node) RDF graph that represents the relationships
between concepts covering basic computer science for non-majors, focusing on web
technologies (HTML, ECMAScript, etc.) and the history of computer science. Our
educational objectives ontology is based on the work done by Anderson et al. [2], which itself
is built off of work done by Bloom et al. [1], and indicates the depth of cognition a student has
demonstrated in a given topic.
Consider the following example taken from a lesson on operators:

Question: What is the result of the operation ((2<9) && (3>2))?
i)
true
ii)
false

If the learner answers true, it shows they can understand procedural knowledge in both
of the topics "RealtionalOperators" and "LogicalOperators". If the learner answers false, they
have not demonstrated any knowledge or ability in particular. Using the case of the former as
an example, the results can then be expressed in RDF (shown graphically in figure one). It is
worth noting that the content management system itself knows only about the user and the
question/answers he or she has submitted (the left hand side of the figure) – semantic web
rules can be used to value-add the RDF with a derived understanding of the competencies a
student has gained after the fact.

1

Examples of these schemas are available online at http://ai.usask.ca/mums/best_practices

Figure 1: Graphical representation of RDF Model. Empty circles are instances while filled in circles are
classes. Namespace prefixes and instance values have been omitted to aid in readability.

This form of collecting student competencies is relatively agile – there is no need to indicate
"correct" and "incorrect" answers, instead, the instructional designer can indicate explicitly
which answers demonstrate which competencies. This is especially useful in multiple choice
tests where there is often one best answer, but several other options still demonstrate some
smaller set of that knowledge. Further, the open world model of RDF allows for an arbitrary
number and type of statements to be made about a students' interaction with a quiz. This is
useful in making multiple assertions about student knowledge (as in above). We anticipate
that associating known misconceptions (a form of bug libraries) with given answers will allow
us to further value-add the learner model.
Once assessment data has been collected, it can be attached to the learning object.
Instead of just associating the raw data with the object, the data can be summarized by
subtracting all of those competencies demonstrated in the pre-test from those demonstrated in
the post-test. This then shows the net gain in knowledge the student achieved by interacting
with the learning object.

3.2 Issues with this Approach
A significant challenge within the educational technology community is in making e-learning
artefacts interoperable. This challenge is the primary reason standards such as the IEEE LOM
exist. The problem is that once an implementation deviates from a standard (as in our
approach), interoperability begins to get severely hampered. To combat this, we anticipate
that agents native to our metadata repository will be needed to reason over and summarize
metadata to convert it to a more standardized form for export. Unfortunately, this is a lossy
process, as in many instances summarized data cannot contain multiple records, and the new
semantics we would like to introduce (through deeper user modelling) are meaningless to
external repositories.
During the 2004-2005 regular session we began implementing this approach and
collected assessment data from approximately 50 students using our online course, as well as
feedback from the instructor. During this time it became apparent that students were
frustrated with the pre-tests as they often lacked sufficient knowledge to understand the

question being asked. We are addressing this by changing the pre-test from actual assessment
to a declaration of self knowledge, where students would indicate what they felt their level of
knowledge in each topic is using a likert scale. Values on this scale would then be mapped to
approximate entries in the educational outcome taxonomy being used. In addition, there is a
delicate balance between asking too many questions, risking that some of them may be off
topic, and not asking enough, thus missing potential useful metadata entries. This is a trade
off we are trying to mitigate by working closely with the instructor and instructional designers
for the course.
Finally, it should be noted that while this technique allows for the collection of metadata
about a given learning object, it does not in and of itself predict if that learning object is going
to be useful for a given future learner. It is likely that we will investigate the use of
probabilistic models, such as those presented in [23], when actually constructing an automated
instructional planner.

4. Conclusions
Metadata specifications, in particular the nearly ubiquitous IEEE LOM standard, have yet to
be proven effective at capturing enough metadata at an appropriate level to be used by
automated instructional planners. In an attempt to bring automatic instructional planning to
our online courseware, we have proposed a more lightweight metadata collection method,
dubbed the ecological approach. In this approach arbitrary metadata statements are made
about learners and attached to them in the form of a learner model. As a learner interacts
within the learning environment, their model is associated with the learning artefacts that
exist. In this way metadata is descriptive (based on actual observed interactions), as opposed
to prescriptive (assigned by a content expert).
To being to concretize this approach we have started to collect competency lists for each
learner both before and after they interact with a learning object, by way of pre and post
quizzes. The difference between these lists results in the topics that the given learning object
has taught to that particular learner. By associating these lists with the learning object, we are
able to form a corpus of evidence that can be used by an instructional planner when
sequencing objects together for other learners.
It should be noted that this is just one way in which we are applying the ecological
approach. A larger research agenda built around our learner modelling middleware, the
Massive User Modelling System (MUMS) [7] is also being pursued. In this we are capturing
student interaction with both synchronous and asynchronous discussion forums, such as
postings read, time dwelt on a posting, chats participated in, and general availability online.
While an immediate end-goal for capturing this is to augment our peer help system (as
described more fully in [21]), we also intend to associate this semantic data with learner
models, which will then be attached to various artefacts in our systems. We anticipate that
this, as well as the extra user interaction information that we are capturing from our content
management system (e.g. which learning objects were read, how long they were read, what
order they were read in, etc.) will prove useful when trying to adapt learning resources (from
peer helpers to traditional learning objects) for personalized instruction.
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