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Abstract. Thanks to recent developments on automatic generation of metadata
and interoperability between repositories, the production, management and consumption of learning object metadata is vastly surpassing the human capacity to
review or process these metadata. However, we need to make sure that the
presence of some low quality metadata does not compromise the performance
of services that rely on that information. Consequently, there is a need for
automatic assessment of the quality of metadata, so that tools or users can be
alerted about low quality instances. In this paper, we present several quality
metrics for learning object metadata. We applied these metrics to a sample of
records from a real repository and compared the results with the quality assessment given to the same records by a group of human reviewers. Through correlation and regression analysis, we found that one of the metrics, the text information content, could be used as a predictor of the human evaluation. While
this metric is not a definitive measurement of the “real” quality of the metadata
record, we present several ways in which it can be used. We also propose new
research in other quality dimensions of the learning object metadata.

1. Introduction
In the first years of learning object metadata [1] production, most of the metadata
were created manually by the author of the learning object, a field expert or a librarian
and inserted it in a repository where other users could search for it. This wasn’t that
much of a problem as long as the number of objects present in most repositories was
small (less than 10000). The main research effort among the learning object community was to find ways to increase the number of available objects.
As a result of these efforts, several approaches have been developed to deal with
the small number of learning objects indexed in a single repository. Information extraction techniques are now used to (semi-) automatically extract the metadata values
from the learning object itself or from the context where it is created or published.
Examples of systems that employ these techniques could be found at [2] and [3].
Moreover, federated search facilities across learning object repositories have been
standardized [4]. In federated searches, the aggregated content of all participant re-

positories can be accessed from any one of them. The GLOBE partnership of repositories is a clear example of this tendency [5]. A third approach, disaggregating existing learning objects in their components, has been successfully researched and
workable prototypes are available [6]. These new technologies have lead to an exponential growth in the number of learning objects with metadata. While this increase is
solving the lack of available learning objects, it creates a new and different problem:
there exists no feasible way to assure the quality of metadata, either newly produced
or accessed from a repository.
The quality of the metadata record that describes a learning object affects directly
the chances of the object to be found, reviewed or reused [7]. For example, a learning
object automatically indexed from a Learning Management System (LMS) with the title “Lesson 1 - Course CS201”, without any description or keywords will hardly appear in a search for materials about “Introduction to Java”, even if the described object is, indeed, a good introductory text to Java. The object will just be part of the
repository but will never be retrieved in relevant searches.
The traditional approach to evaluate the quality of learning object metadata has
been the same as in the digital library world [8][9]: Manually review a statistical significant sample of records by comparing the values with those provided by metadata
experts. While this human review could be useful for small-sized and slow-growing
repositories, it becomes impractical for large or federated repositories or in the case of
automatic indexers as humans “do not scale” [10]. Also learning object metadata is
different from a library record as the first is not unique (there could be several instances for the same learning object) and evolves as the object itself is reused in different contexts.
To deal with the exponential grow of metadata records available and at the same
time to be able to retain some sort of quality assurance for the information contained
in the metadata record, we propose automating the quality assessment of learning object metadata. This automated evaluator will assess intrinsic characteristics of the
metadata itself, measured through the use of one or more synthetic metrics. This paper builds on a previous work [11] where several quality metrics for learning object
metadata are presented. In the following sections, we select and describe a group of
those metrics. The values obtained from the metrics are contrasted with evaluations
by human reviewers to a sample of learning object metadata from a real repository,
and the results are evaluated. We propose some applications for the metrics that correlate highly with the human evaluation. Finally, in the last sections, we propose
more experiments to evaluate metrics for different functions of the metadata and present related works.

2. Quality Metrics
The quality metrics are small calculation performed over the values of the different
fields of the metadata record in order to gain insight in a quality characteristic. The
quality characteristics in which these metrics are loosely based are the ones proposed
by [12]: completeness, accuracy, provenance, conformance to expectations, consistency & coherence, timeliness and accessibility. For example, we can count the number of fields that have been filled with information (metric) to assess the completeness
of the metadata record (quality characteristic). These measurements are only concern

with the quality of the learning object metadata record, not the quality of the learning
object itself. [13] gives a more holistic view of the quality of the learning object as a
whole (metadata information included). A more formal description of the metrics that
we will use and their rationale has been discussed in detail in [11]. We have selected
the metrics that are feasible to implement with the information available in real repositories. We present here a brief description and an example of calculation of each
one of the selected metrics.
• Simple Completeness: It tries to measure the Completeness of the metadata record. This metric counts the number of fields that content a no-null value. In the
case of multi-valued fields, the field is considered complete if at least one instance
exists. The score could be calculated as a percentage of possible fields and divided
by 10 to be in a scale from 0 to 10. For example, according to this metric, a record
with 80% of its fields filled has a higher score (higher quality) (q=8) than one in
which only the 40% has been filled (q=4).
• Weighted Completeness: It tries to measure the Completeness in a more meaningful way than the “Simple Completeness” metric as not all the fields are equally important for a given application. This metric not only counts the number of filled
fields, but assigns a weight value to each of the fields. This weight value should
reflect the importance of that field for the application. To be comparable with the
Simple Completeness the obtained value should be divided by sum of all the
weights and multiplied by 10. For example, if the main application of the metadata will be to provide information about the object to a human user, the title, description and annotation fields are more important than the identifier or metadata’s
author fields. The more important fields could have a weight of 1 while the not
important records could have a weight of 0.2. In this case, a record with information for title and description only will receive a higher score (higher quality)
(q=2/2.4*10=9) than a record with information for title, identifier and metadata author (q=1.4/2.4*10=6).
• Nominal Information Content: One of the main requirements of a metadata record is that it contains enough information to describe uniquely its referred learning object. Unique information helps the user to distinguish and evaluate different
objects. This metric tries to measure the Amount of Information that the metadata
posses in its nominal fields (fields that can only be filled with values taken from a
fixed vocabulary). For this kind of field, the Information Content can be calculated
as 1 minus the entropy of the value (the entropy is the negative log of the probability of the value in a given repository) [14]. This metric sums the information content for each categorical field of the metadata record. For example, if the difficulty
level of a metadata record is set to “high”, where the majority of the repository is
set to “medium”, it will provide more unique information to the record and, thus, a
higher score (high quality). On the other hand, if the record’s nominal fields only
content the “default values” used in the repository, they will provide less unique information to the record and a lower score.
• Textual Information Content: This metric also tries to measure the Amount of
Information contained in the record. It measures how much relevant and unique
words are contained in the record’s text fields (the fields that can be filled with free
text). The “relevance” and “uniqueness” of a word is directly proportional to how
often that word appears in the record and inversely proportional to how many re-

cords contain that word. This relation is handled by the TF-IDF (Term FrequencyInverse Document Frequency) calculation [15]. The number of times that the word
appears in the document is multiplied by the negative log of the number of documents that contain that word (could be considered as a weighted entropy measurement). The log of the sum of all the TF-IDF value of all the words in textual fields
is the result of the metric. For example, if the title field of a record is “Lecture in
Java”, given that “lecture” and “java” are common words in the repository, will
have lower score (lower quality) than a record in which the title is “Introduction to
Java objects and classes”, not only because “objects” and “classes” are less frequent in the repository, but also because the latter title contains more words.
• Readability: This metric tries to measure how accessible the text in metadata is.
This metric applies a readability index, for example the Flesch Index [16], to assess
how easy is to read the description of the learning object. The readability indexes
in general count the number of words per sentence and the length of the words to
provide a value that suggest how easy is to read a text. For example, a description
where only acronyms or complex sentences are used will receive a higher score
(lower quality) than a description where normal words and simple sentences are
used.
2.1. Evaluation of the Metrics
We designed an experiment to evaluate how the quality metrics presented above correlate with quality assessment by human reviewers. During the experiment, several
human reviewers graded the quality of a set of records sampled from the ARIADNE
repository [17]. We selected metadata records about objects on Information Technologies objects that were available in English in the repository. From this universe
(425 records), we randomly selected 10 with metadata generated manually and 10
with metadata generated by an automated indexer. Following a common practice to
reduce the subjectivity in the evaluation of the quality of metadata, we used an
evaluation framework. The selected framework was the same 7 quality characteristics
proposed by [12] on which the metrics are loosely based. The experiment was carried
out online using a web application. After reading the instructions, the user was presented with a list of the 20 selected objects in no specific order. When the user selected an object, a representation of its LOM record was displayed. The user then
downloaded the referred object for inspection. Once the user had reviewed the metadata and the object, he was asked to give grades in a 7-point scale (From “Extremely
low quality” to “Extremely high quality”) for each one of the 7 parameters. Only participants that graded all the objects were considered in the experiment. The experiment was available for 2 weeks. During that time, 22 participants completed successfully the review of all the 20 objects. From those 22, 17 (77%) work with metadata as
part of their study/research activities; 11 (50%) were undergraduate students in their
last years, 9 (41%) were postgraduate students and 2 (9%) had a Ph.D. degree. All of
them had a full understanding of the nature and meaning of the examined objects and
their metadata, and were trained in the evaluation framework. Parallel to the human
evaluation, an implementation of the quality metrics described before was applied to
the same set of data that was presented to the reviewers. For the weighted complete-

ness calculation, the weights were obtained from the frequency of use of the fields in
the ARIADNE searches [18].
2.2. Data Analysis
Because of the inherent subjectiveness in measuring quality, the first step in the
analysis of the data was to estimate the reliability of the human evaluation. In this
kind of experiment, the evaluation could be considered reliable if the variability between the grades given by different reviewers to a record is significantly smaller than
the variability between the average grades given to different objects. To estimate this
difference we use the Intra-Class Correlation (ICC) coefficient [19] over the average
quality grade (the sum of the value given to each of the seven quality characteristics,
divided by 7). We calculated the measure of ICC using the two-way mixed model,
given that all the reviewers grade the same sample of objects. In this configuration,
the ICC is equivalent to another widely used reliability measure, the Cronbach’s alpha. The result obtained was 0.909, much higher than the 0.7 threshold needed to be
considered acceptable. In other words, the ICC suggests that the reviewers provided
similar quality scores and that further statistical analysis can be performed.
The next step was to average the value of all the human reviewers for each record
and correlate it with the values obtained from the calculation of the quality metrics
over the same records. The results are presented in the Table 1.
Table 1. Correlation between the Human Evaluation Score and the Metrics Scores

Human
Evaluation

Pearson
Sign.

SimpleComplet.

Weighted
Complet.

Nominal
Info.
Content

Textual
Info.
Content

-.395

-.457

-.182

.842

.257

.085

.043

.443

.000

.274

Readability

The Textual Information Content Metric correlates in a high degree (0,842) with
the average quality value given by the human reviewers. The significance of that correlation is very high (<0,01), that means that the correlation is real, and that it is not
produced by chance. The correlation is even visible if we plot both scores (textual information content and the average score for quality) for the 20 examined objects (Figure 1). The line on top is the Average Quality as calculated from the scores given by
the human reviewers. The bottom line is the value that the metric returned. While the
lines do not follow the same exact pattern, much of the first line behavior could be
explained by the second one.
Digging deeper, a multivariate regression analysis shows that roughly the 70% of
the score given by humans could be explained by the Textual Information Content
metric. Another 10% of the variation could be explained by the origin of the metadata (automatic or manual). Other tested metrics do not contribute to explain the
grade. The results of the regression can be seen in Table 2.

Fig. 1. Average Quality Score and the Textual Information Content Metric values
Table 2. Multivariate Regression Result

Model
Textual lnformation
Textual Information +
Origin of Metadata

R
Adjusted
Std. Error of
R
Square
R Square
the Estimate
.842
.710
.694
.25406
.905

.819

.798

.20623

We can conclude from the experiment that the Textual Information Content can be
used as a good predictor of the human evaluation of the metadata record. This suggests that human reviewers mainly focus in the free text fields when they are examining the record. This result could have implications in the way that the metadata is presented to final users. For example: only textual fields should be shown by default and
non-textual fields should only be presented by user’s request. The other metrics,
while could be useful to assess the fitness of the record for other applications, do not
seem to be useful to predict the quality score of the record given by human reviewers.

3. Applications
Once we have identified good metrics to predict the value of some kind of quality of a
metadata record we can use it in several applications:

• Automatic Record Improvement: We can compute the metric of all the records
present in the repository and process those with a low score by an automatic extractor of metadata, such as [3]. Then we merge the newly generated record with
the existing one and evaluate if the score improved. This could be used in legacy
repositories, especially when the quality of the original metadata is low.
• Quality Visualization: The metrics values can be used to create visualizations of
the repository in order to gain a better understanding of the distribution of the quality problems. For example, a treemap visualization [20] could be used to find answers to different questions: Which authors or sources of metadata cause quality
problems? How has the quality of the repository evolved over time? Which is the
most critical problem of the metadata in the repository?, etc. An example of such
visualization is shown on Figure 2. The treemap represent the structure of the
ARIADNE repository. The global repository contains several Local repositories
(BLKL, CS_L, UGAL, etc). The different authors publish metadata in the local
repositories. The boxes represent the set of learning objects metadata records published by a given author. The color of the boxes represents the average of the Textual Information Content metric score of that set of records. The color scale goes
from red (low quality) to yellow (medium quality), to green (high quality). This
visualization helps us to easily spot authors that provide good textual descriptions
to their objects.

Fig. 2. Visualization of the ARIADNE Repository
• Repository Interoperability: One of the problems of the federation of different
learning object repositories is the different quality standards for the metadata in the
different communities of practice [21]. To avoid degrading the experience of a
user in a given repository, the quality metrics could be integrated into a SQI Query

Language [4] to restrict the search of metadata records that have a similar quality
level as the destination repository.

4. Conclusions
We have proposed 5 of quality metrics. Based in a small experiment, one of the metrics proposed, the Textual Information Content, seems to be useful to predict the quality score assigned by human reviewers to learning object metadata. While a bigger
experiment with more records and different repositories is necessary in order to corroborate this result, it suggests that simple metrics could be use to gain insight in
something as subjective and complex as the perception of metadata quality. If the
correlation persists in further evaluations, it can be concluded that instead of showing
the full metadata fields to the user, as several learning object applications do, it will
be enough to present them the textual fields of title and description, much like in
modern web searches provide only the title and excerpt of web pages.
While the quality metrics has been developed for learning object metadata, the calculations are “standard-agnostic”. The same metrics could be easily extended to most
kind of metadata records. For example, they could be applied to evaluate the quality
of a digital library using, for example, Dublin Core or MARC metadata standards.
A lot more research and experimentation in quality metrics is needed, but it is clear
that if we want to make the transition from small and isolated learning object repositories, to a fully integrated learning object ecosystem where millions of objects are
created, indexed and changed daily, we need to have some kind of automatic evaluation of quality to avoid the system to break apart. This work is a first step that contributes to enabling such automated quality assessment.

5. Further Work
The quality value, assessed by the reviewers and predicted by the Textual Information
Content metric, can be considered as “synthetic” quality. No real application present
the learning object metadata record to the user in order to obtain a quality evaluation.
The “real” quality of the metadata can be defined as the fitness of the metadata to fulfill a given purpose [9]. According to [1], the main purposes of the learning object
metadata are to facilitate the search, evaluation, acquisition, and use of the learning
object. Under these premises, there should be 4 different dimensions of quality to be
measured: Retrieval Quality, Evaluation Quality, Accessibility Quality and Re-use
Quality. As further work to be done in order to obtain the desired automatic evaluator
of learning object metadata quality, we present some possible ways to calculate quality sources for the different quality dimensions. Those scores should be correlated
with new quality metrics to find, among those metrics, useful predictors that can be
used to develop the automatic evaluator of quality.
• Retrieval Quality: The logs of the searching tools for learning objects can be can
analyzed in order to calculate the number of times that a given object appear in the
result list when a relevant search has been performed. High quality metadata

should allow the object to appear in high percentage of relevant queries. The position of the object inside the result list could also be taken in account for the retrieval quality score.
• Evaluation Quality: The tools that present the metadata record to the user for
evaluation can include a small survey asking if the information shown has been
useful in order to decide if the object is relevant for him/her. The percentage of
times that the metadata information has been found useful could be considered
evaluation quality score.
• Accessibility Quality: Learning object tools could log the times that a learning
object could not be accessed or retrieved because of errors in the metadata information. For example when there are errors in the identifier, URI, or cost of the
learning object. The number of errors detected should decrease the accessibility
quality score.
• Re-use Quality: The re-use of the learning object is not only determined by the
characteristics of the metadata, but also for the characteristics of the learning object
itself. Nonetheless, objects that are re-used more often, most probably, have a suitable metadata that allow users to integrate it in their learning systems. This, the reuse quality score could be determined by the number of times that the object has
been repurposed in different learning contexts.

6. Related Work
While, to the authors’ knowledge, there are no currently other initiatives to build an
automatic quality assessment system for learning object metadata, in the Semantic
Web area, [22] propose an automated system to assess the quality of the automatic extraction of semantic information from web pages. While the core idea, to have an
automated way to ensure quality of an automated system, is similar to ours, it focus
mainly in the correction of spelling errors and concept disambiguation through the use
of ontologies and Semantic Web tools.
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