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Abstract. An online presence is gradually becoming an essential part of every
learning institute. As such, a large portion of learning material is becoming avail-
able online. Incongruently, it is still a challenge for authors and publishers to
guarantee accessibility, support e�ective retrieval and the consumption of learn-
ing objects. One reason for this is that non-annotated learning objects pose a
major problem with respect to their accessibility. Non-annotated objects not only
prevent learners from finding new information; but also hinder a system’s ability
to recommend useful resources. To address this problem, commonly known as
the cold-start problem, we automatically annotate specific learning resources us-
ing a state-of-the-art automatic tag annotation method: �-TaggingLDA, which is
based on the Latent Dirichlet Allocation probabilistic topic model. We performed
a user evaluation with 115 participants to measure the usability and e�ectiveness
of �-TaggingLDA in a collaborative learning environment. The results show that
automatically generated tags were preferred 35% more than the original authors’
annotations. Further, they were 17.7% more relevant in terms of recall for users.
The implications of these results is that automatic tagging can facilitate e�ective
information access to relevant learning objects.

Keywords: Metadata Generation, User Study, LDA, Cold-Start, Recommender
Systems.

1 Introduction

Learning strategies have shifted from a solitary activity to a collaborative web-based
one [2]. In collaborative learning systems, digital collections of educational materials
or Learning Objects (LOs), such as, lecture videos, notes and presentations, are made
available in online repositories. Online learners are not only able to browse or search
for LOs, but also enrich this content with value-added metadata.

Learning object enrichment is crucial within a collaborative setting. For example,
consider a scenario in a collaborative environment where a user wants to retrieve spe-
cific documents related to their interests and uses tags to navigate to the associated
resources. Ideally, if the system can e�ectively provide good tag coverage over the re-
sources, the user can better navigate through document objects and be steered to the
relevant resources in the system. On the contrary, if tags are either unclear, not specific
for the resource, noisy, or ambiguous, then users cannot retrieve or easily locate re-
sources. Unfortunately, the latter situation is all too common. Since users typically only
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tag a small fraction of the documents, most of the other documents have no associated
metadata. Furthermore, newly added resources, which have not yet been tagged, are
hard to be located or associated with related objects. This dilemma is well known and
referred to as the new item cold-start problem.

As outlined in the aforementioned scenario, an important prerequisite for realizing
the benefit of tags in a collaborative learning setting, is that a LO actually has to have
at least a minimum number of tags associated with it. When a learning resource has no
associated tags, the collaborative learning system cannot provide a recommendation,
nor does any descriptor exist in the tag cloud to help support navigation to the orphan
resource.

One way to address the cold-start problem in collaborative systems is by using au-
tomatic tagging, which associates tags with untagged resources. State-of-the-art work
in this area relies upon latent data models to make explicit, some hidden, underlying
“context” (i.e., set of keywords or tags). The untagged resources are treated as a new re-
source, for which inferencing can be performed to bring the new resource into a known
context where it can inherit an appropriate set of tags. Little has been done in the area
of latent model based automatic tagging for learning objects repositories. Moreover,
the usability and e�ectiveness of such automatic tagging has not been assessed by the
learners themselves.

In this work, we propose to automatically associate tag annotations to untagged LOs
by exploiting the content from di�erent, but similar resources, found outside the bound-
aries of a single content repository and using a state-of-the-art method, �-TaggingLDA,
which is based on the probabilistic topic model Latent Dirichlet Allocation [4]. In doing
so, we will address the following research questions:

Q1: To what extent do the LO’s annotations assigned by the authors agree with the
ones assigned automatically?
Q2: From the user perspective, how relevant are the automatic generated tags com-
paring to the ones provided by experts?
Q3: In a social tagging recommendation scenario for LOs, are the automatic an-
notations better candidate terms for assisting users in the tagging process than the
keywords assigned by the LO’s author?

The contributions of this work are:

– an automatic tagging approach to eÆciently address the cold-start problem in col-
laborative learning environments by relying on content from resources in an aux-
iliary domain, i.e., one that lies outside of the content repository of the untagged
LO.

– an evaluation of our approach through a user study involving 115 participants in a
online setting, with real-world data.

The rest of this paper is organized as follows. In Section 2 we will first present related
work on the areas of automatic tagging and learning objects enrichment. In Section 3
we describe our approach to automatically tag learning objects. In Section 4 we present
a three part evaluation to measure the e�ectiveness of our method and in Section 5 we
describe the evaluation results, which are discussed in Section 6. Finally, in Section 7
we conclude and discuss the directions for future work.
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2 Related Work

Cold-start is a common problem in many user-centric systems that seek to improve in-
formation access. Specifically for the collaborative learning environment setting, a new
LO is introduced into the domain, but it has no (or incomplete) associated user-defined
metadata or annotations. Automatic enhancement of LO metadata is an alternative to
address this problem. In this section we present related work in the areas of automatic
tagging and learning objects enrichment.

2.1 Learning Object Enrichment

Lohmann et al. [13] demonstrate the importance of additional metadata to learning re-
sources visibility and reusability and suggest design guidelines for automatic tagging
approaches. The authors suggest (i) the use of a stable set of tags for agreed description
of resources, (ii) to guide the tagging process (e.g., with tag recommendations), (iii) to
use text extracted from resources for starting set of tags, and (iv) the use of a small set of
selectable tags for tags convergence. The two user evaluations we present in this work
align with these guidelines.

Another recent system, namely, ReMashed [7,6] takes advantage of tagged and rated
data of combined Web 2.0 sources, integrating the metadata from decentralized sources
of content. Their work addresses the new user cold-start scenario and shows that a
recommender system that exploits already tagged resources can mitigate the lack of user
information. Our work, on the other hand, focuses on the new item cold-start problem,
and aims to annotate untagged LOs. Once objects are tagged, it is possible to improve
the performance of a recommender system [19].

Abel et al. [1] introduce the LearnWeb 2.0 environment,which supports sharing, dis-
covering, and managing learning resources, which are spread across di�erent Web 2.0
platforms, between learners and educators. LearnWeb 2.0 aggregates resources and en-
hances their metadata using functionalities from ten di�erent Web 2.0 services. Fur-
thermore, in order to support collaborative searching, the authors are provided with an
automatic resource annotation service. Once a search result is displayed in the environ-
ment, it is automatically tagged with the corresponding query terms. This mechanism
assumes that the system has enough information to retrieve the item as relevant for a
given query. Furthermore, it requires an initial user interaction, i.e., search, in order
to be able to annotate the resource. This is not necessarily the case for resources with
sparse text, or multimedia resources with little or no metadata available. Our approach
is content based and does not require any user interaction to automatically annotate the
LOs.

2.2 Automatic Tagging

Numerous forms of enrichment can be used to annotate a LO such as ratings, comments
and tagging, to name but a few. Tagging, in particular, has proven to be an intuitive and
flexible mechanism for improving the access to information or personalizing the users’
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online experience. Tags are capable of facilitating search [3,10] and improving rec-
ommendations [19,18]. Tags have also been used for personalization: improving infor-
mation access in collaborative tag recommendations [16] and facilitating personalized
information access across disparate media types [19].

State-of-the-art methods for automatic annotation and tag recommendation rely on
dimensionality reduction and are based on tensor factorization [17,16,20] or on proba-
bilistic topic models, in particular on Latent Dirichlet Allocation (LDA), for example,
Krestel et al. in [11,12] exploited resources annotated by many users, thus having a
relatively stable and complete tag set, to overcome the cold-start problem. They build
an LDA model from tags that have been previously assigned by users. In this way, a
resource in the system is represented with tags from topics discovered by LDA. For a
new resource with few or no annotations, they expand the latent topic representation
with the top tags of each latent topic.

In these auto tagging systems, the performance of the aforementioned approaches
highly relies on the assumption of a dense set of data upon which the model can be built.
To overcome this issue, Diaz-Aviles et al. [5] introduced �-TaggingLDA, a method for
automatic tagging resources with sparse and short textual content. In the presence of
a new resource, an ad hoc corpus of related resources is created, and then the method
applies LDA to elicit latent topics for the resource and the associated corpus. This is
done in order to automatically tag resources based on the most likely tags derived from
the latent topics identified. In our work this method was chosen to annotate LOs in a
cold-start scenario.

In contrast to previous work, we aim to evaluate the usability and e�ectiveness of this
automatic tagging approach, and address its potential to generate metadata for novel
resources in the context of a collaborative learning environment.

3 Automatically Enhancing Learning Objects with Tags

In order to enhance the learning object with tags we use �-TaggingLDA, a state-of-the-
art approach for automatic tagging introduced by Diaz-Aviles et al. [5]. �-TaggingLDA
is designed to mitigate new item cold-start problems by exploiting content of resources,
without relying on collaborative interactions.

The approach is based on the probabilistic topic model: Latent Dirichlet Allocation
(LDA) [4], which is a generative probabilistic model for collections of discrete data such
as text corpora. The basic idea of LDA is that documents are represented as random
mixtures over latent topics, where each topic is characterized by a distribution over
terms.

For example, an LDA model might have topics that can be labeled as E��������
and E��	
�����	��1. Furthermore, a topic has probabilities of generating various words
such as school, students, and teacher, which can be classified and interpreted as E��-
������. Naturally, the word education itself will have high probability given this topic.
The E��	
�����	�� topic likewise has high probability of generating words such as film,
music, and theater.

1 Please note that these labels are arbitrary. The algorithm does not automatically assign any
particular label to the latent topics.
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More formally, assume that a text collection consists of a set of documents D. Fur-
thermore, consider the set of topics Z, the distribution P(z � d) over topics z � Z in a
particular document d � D, and the probability distribution P(t � z) over terms t � T
given topic z � Z, where T is the set of terms. Each term ti � T in a document (where the
index refers to the ith term token) is generated by first sampling a topic from the topic
distribution, then choosing a term from the topic-term distribution. We write P(zi � j)
as the probability that the jth topic was sampled for the ith term token and P(ti � zi � j)
as the probability of term ti under topic j. The model specifies the following distribution
over terms within a document:

P(ti � d) �
�

z

P(ti � zi � j)P(zi � j � d) (1)

where �Z� is the number of topics.
In LDA, the goal is to estimate the distribution topic-term P(t � z) and the document-

topic distribution P(z � d). These distributions are sampled from Dirichlet distributions
(e.g., using Gibbs sampling [8]) and indicate which terms are important for which topic
and which topics are important for a particular document, respectively.

�-TaggingLDA

An overview of the �-TaggingLDA method is shown in Figure 1. In order to illustrate
the method with an example, consider a novel LO entitled Knowledge Technologies in
Context, this resource is new to the collaborative learning system and does not have
any tag annotations assigned. The absence of tags makes it diÆcult for the system to
consider it as candidate for recommendations, for instance.

�-TaggingLDA first extracts relevant LO’s textual content, such as the title, descrip-
tion or metadata (e.g., author) and creates a document denoted as dLO. Then, the LO is
associated to a set of ‘similar’ documents, which we refer to as an ad hoc corpus for the
LO, represented as corpusLO.

Note that the �-TaggingLDA method does not impose any restriction on the similar-
ity measure used to associate the corpus with the LO. The similarity measure could be
specified based on the nature of the resources, (e.g., text documents, multimedia items)
and the textual content or metadata available. For example, a particular implementa-
tion might rely upon a computationally inexpensive similarity measure or on a more
complex clustering algorithm.

In our particular example, the title of the LO is used to query an Internet search
engine in order to retrieve the title and snippets of the n relevant results (n � 4, in this
case). This subset corresponds to corpusLO.

The LO’s textual content is extracted and the subset of the top n results constitute the
text collection D � �dLO� � corpusLO, which is input to LDA, together with the number
of topics required. In this example, the number of topics is set to two, i.e., �Z� � 2. The
set of tags to be used to annotate the LO is denoted as TopNtags(LO), and its size is set
to six for this particular case, i.e., �TopNtags(LO)� � 6.

Table 1 presents an example of the output produced by LDA according to the setting
described above. Topics are ordered based on the document-topic distribution P(z � d),
and within each topic, terms are ranked based on the topic-term P(t � z) distribution.
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phenomena
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researchers

vendors
people

Title Extracted: 
"Knowledge technologies in context"

Community: Knowledge technologies in context 
...open Ecosystem provides online services for learners
worldwide.

Knowledge technologies in context ...In the introduction to a 
book on knowledge management technologies, Borghoff and 
Pareschi (1998) described a framework for organisational 
memory that has ...

Knowledge, technology trajectories, and innovation in a 
developing ... by D Hegde - 2007 'Knowledge,technology 
trajectories, and innovation in a developing country context: 
evidence from a survey of Malaysian firms', Int. J. 
Technology ...

Learning in Knowledge Communities: : : Managing 
Technology and ... by M Barrett - 2004 Knowledge
community; Information and communication technologies; 
Organizational context; Learning ...

technologies
software

ecosystems 
systems

representation
interpretation

Topic 1 Topic 2

Internet Search Engine

L
D
A

New Learning Object:
"Knowledge technologies in context"

technologies
phenomena

software
work

ecosystems
business

list of tags for automatic annotations

textual 
content

ad hoc
corpus

selected 
tags from 
top terms

α-TaggingLDA

Fig. 1. �-TaggingLDA is applied to annotate a new LO, Knowledge Technologies in Context,
with a list of six tags: T opNtags(LO) � � technologies, phenomena, software, work, ecosystems,
business �, based on two LDA topics

For the construction of the final set of tags TopNtags(LO), �-TaggingLDA selects the
first candidate tag from Topic1’s top terms, the second tag from Topic2’s top terms, the
third tag, again from Topic1’s top terms, and so forth. The final list of tag annotations
for the LO in our example corresponds to TopNtags(LO) � � technologies, phenomena,
software, work, ecosystems, business �. For the details of this strategy, we refer the
reader to the work done by Diaz, et.al. [5].

Table 1. Example of two topics output by LDA. Topics are ordered based on the document-topic
distribution P(z � d), and within each topic, terms are ranked based on the topic-term P(t � z)
distribution.

Topic1 Topic2

P(z � 1 � dLO) � 0�70 P(z � 2 � dLO) � 0�30
Term t P(t � z � 1) Term t P(t � z � 2)

technologies 0.45 phenomena 0.33
software 0.25 work 0.28

ecosystems 0.16 business 0.19
systems 0.11 researchers 0.15

representation 0.03 vendors 0.04
interpretation 0.01 people 0.01
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4 Evaluation

In this section we measure the benefits of automatic tag annotations for a collaborative
learning environment. To answer the research questions presented in Section 1, we con-
ducted three distinct evaluations, first, an experimental evaluation followed by two user
studies. The rest of the section describes each evaluation settings.

4.1 Experimental Setting

Dataset. We based our experiments on a dataset sampled from the OpenScout project
collection [15]. The project gathers metadata information from learning resources lo-
cated at di�erent learning content repositories. For our evaluation, we selected learning
objects whose language is English and have at least five keywords added by their author.
In total, 563 learning objects, 1692 unique keywords and 3150 keywords assignment
were considered for the experiments.

Metadata Enrichment. The method used for automatic metadata enrichment in our
experiments, �-TaggingLDA, is implemented in Java. The corpus builder is based on
the search results obtained by querying Yahoo!’s open search web services platform
(BOSS)2. The titles and short text summaries (snippets) of the ten most relevant results
returned are used to create ten di�erent textual documents. The final ad hoc corpus for
the learning object consists of these and the textual content of the resource. Then, by
applying LDA on this corpus we extract the desired number of latent topics, and from
them, the needed tags are inferred. The default number of topics considered was two,
according to the optimal setting specified in [5].

We use the LDA with Gibbs sampling implementation provided by the Machine
Learning for Language Toolkit (MALLET) [14].

4.2 Evaluation I: Author’s Keywords and Automatic Tags

Our first evaluation consists of an o�ine study that measures the agreement between
the keywords assigned to the LOs by its author and the tag annotations provided by
the method. In order to quantify such agreement, we consider a recommender system
setting, where the author’s keyword assignments constitute our test set. The task of the
collaborative learning environment is to recommend TopNtags relevant tags for a given
LO.

We use recall, precision and f1, three widely used metrics in recommender sys-
tems [9], to assess the performance. The metrics are defined in Equations 2 and 3.

– Recall for a given author u and a learning object i is defined as:

recall(u� i) �
�Keywords(u� i) � TopNtags(i)�

�Keywords(u� i)�
� and (2)

2 http:��developer.yahoo.com�search�boss�
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Fig. 2. Evaluation II: Guided Choice User Study Interface. Each participant was instructed to
choose at least three tags from the set of ten suggested tags. Five tags were originally added by
the expert�author of the content, while the remaining five were automatically generated. The tags
were presented in a random order and their origin was not disclosed to the participants.

– Precision for a given author u and a learning object i is defined as:

precision(u� i) �
�Keywords(u� i) � TopNtags(i)�

�TopNtags(i)�
� (3)

where Keywords(u� i) is the set of keywords assigned by the author u to the learning
object i and TopNtags(i) is the set of size N corresponding to the tags automatically
assigned by �-TaggingLDA to the given LO. In this experiment we set N � 10.

For the dataset, we averaged these values over all the authors. The aggregated values
of recall and precision are then used to compute their harmonic mean or f1 measure as
defined according to Equation 4.

f 1 � 2 �
recall � precision
recall � precision

(4)

4.3 Evaluation II: Guided Choice User Study

The goal of this experiment was to compare the automatically generated tags against
the ones provided by experts.

This evaluation is a user study in which each participant was presented with basic
information regarding a learning object, namely, the title and an abstract that varies
from 20 up to 200 words (see Figure 2). The format of the original resource (e.g. video,
image, presentation or document) was not made known to the participant in order to
align the nature of the evaluation and to avoid biased judgments of the tag relevance
based on non computer-understandable information. In addition to that, the participants
were presented with ten tags to be evaluated. From the ten tags presented, five tags were
originally added by the expert�author of the content, while the remaining five were the
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top ranked automatically generated ones. The tags were presented in a random order
and their origin was not disclosed to the participants.

Each participant was then instructed to read the title and the description of the learn-
ing object and finally choose at least three tags from the set of ten suggested tags. Once
the submission of the form is completed the participant was presented with a new object
to be evaluated. We kindly asked for each participant to repeat the process for at least
ten objects, however, we did not limited the maximum of their contribution to the study.

In order to compare the automatically generated tags against the ones provided by
experts, we designed this experiment as a recommendation task, and used the recall
measure, which is widely used to assess the recommendation quality [9] of recom-
mender systems.

In this case recall is defined in Equation 5, as follows:

– Recall for a given author u and a learning object i is defined as:

recall(u� i) �
�Tags(u� i) � TopNtags(i)�

�Tags(u� i)�
� (5)

where Tags(u� i) is the set of tags assigned by the user u to the learning object i and
TopNtags(i) is the set of size N corresponding to the tags recommended to the user,
either based on �-TaggingLDA or on the author’s keywords. In this experiment we set
N � 5.

As in Evaluation I, we averaged the values over all the participants. Using a fixed
number of recommendations, precision is just the same as recall up to a multiplicative
constant and thereby there is no need to evaluate precision.

4.4 Evaluation III: Free Choice User Study

The goal of this study was to collect evidence to evaluate if the automatic annotations
are better candidate terms for assisting users in the tagging process than the keywords
assigned by the LO’s author.

Similarly to Evaluation II, in this user study, each participant was presented with the
title and an abstract of a learning object. Once again, due to same reasons as presented
before, the format of the original resource (e.g. video, image, presentation or document)
was not disclosed to the participants.

Each participant was then instructed to read the title and the description of the learn-
ing object and finally input five tags she thinks to be relevant for describing the object,
as depicted in Figure 3. Once the submission of the form was completed, the participant
was presented with a new object to be evaluated. Each participant was asked to repeat
the process for at least ten objects.

As in Evaluation II, in other to evaluate this experiment we cast it as a recommenda-
tion task and evaluate the recall measure. In this case Tags(u� i) corresponds to the set
of tags that would be recommended to the participant u for the given LO i. Note that,
even though, the set of tags is not presented to the participant, it helps us to measure
which terms are better for assisting users in the tagging process.
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Fig. 3. Evaluation III: Free Choice User Study Interface. Participants were instructed input five
tags they think to be relevant for describing the LO.

5 Results

Evaluation I aims to answer the research question ‘Q1: At what extent do the LO’s an-
notations assigned by the authors agree with the ones assigned automatically?’. As
an outcome for �TopNtags� � 10, we obtained the following results, recall�0.26 preci-
sion�0.13 and f1�0.18. Table 2 shows the f1 measure for di�erent sizes of TopNtags.

Table 2. f1 measure for di�erent sizes of T opNtags

TopNtags 1 2 3 4 5 6 7 8 9 10

f1 0.04 0.07 0.09 0.10 0.10 0.11 0.12 0.13 0.16 0.18

From the user study in Evaluation II we collected the feedback of 115 participants
(43 female and 72 male), 100 of them explicitly stated to be students. Their average
age was 24, ranging from 20 to 53 years old. In total the participants evaluated 1,134
objects covering 478 unique ones.

Also, in total 4,035 tags were chosen to represent the documents, in average each
participant picked 3.56 tags per document. As explained in the setup of this evaluation,
the tags exposed to the participants were originated from two di�erent sources, the
expert who created the learning material and a second set from the automatic tagging
method.

It’s important to note that the tags from each group were always presented to the
participants in an equal distribution to preserve the fairness of the study. Additionally,
when a participant chose a tag that was in both �-TaggingLDA set and the Experts’ set
we computed this choice as two tag assignments as outlined in Section 3. Although the
participants chose 4,035 tags, in our experiments, we used a total of 4,939 tag assign-
ments.
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Out of the 4,939 tag assignments, 67.5% of them were originated by �-TaggingLDA
and 32.5% by the experts.

The most straightforward analysis of these results shows a clear preference of the
participants for the tags that were automatically added. Thus, it is also reasonable to
conclude that these tags are more relevant to the participants, which answers our sec-
ond question: ‘Q2: From the user perspective, how relevant are the automatic gener-
ated tags comparing to the ones provided by experts?’. The main reason is that the
underneath approach generates tags that represents better the learners tagging behavior.
Through the outcomes of this evaluation we interpret that the automatic generated tags
are, in general, more descriptive and more useful for the learners than experts’ tags. Ad-
ditionally, it is reasonable to assume that these learners, when searching for one of these
documents would (with a higher probability) use a tag that was automatically generated
rather than the experts’ tags. The same assumption is valid for the case of browsing
resources in a hierarchical classification or in a facet browsing interface.

To validate the significance of the results achieved, for each participant, we took the
averages of the distribution of �-TaggingLDA and Expert’s tag sets. With two groups of
115 samples we performed a two-tailed t-test that confirmed a statistically significant
di�erence of �-TaggingLDA mean (68.2%) and Expert’s keywords mean (31.8%).

For Evaluation III, the participants evaluated 832 objects covering 454 unique one.
In this phase, where the participants were instructructed to freely choose terms that best
classify the objects, 4,745 tags were generated (1,868 unique tags).

Using these data we now have three di�erent sets of tags: �-TaggingLDA tags, ex-
perts’ tags and learners’ tags. By validating the learners’ generated tags against the
other sets we found an overlap of 38.4% with automatic generated �-TaggingLDA tags
and 20.7% with the experts’ tags. Additionally, in only 8.9% of the cases, a tag occurs
in all three sets. At this point we are just considering the whole sets of tags and not the
precision of them regarding each resource. These results complement Evaluation II by
firmly stating that on average the automatic generated tags are closer to the ones used
by learners.

By considering only the results from those 100 participants that stated to be students,
the numbers do not change significantly. The overlap with automatic generated tags
increases slightly to 39.04% while the overlap with the experts’ tags remains on the
same levels (20.3%). These results help us to answer the third question – Q3, as the
automatic annotations turned out to be the best candidate terms for assisting users in
the tagging process.

Table 3. Tag Assignment (TAS) results for the user evaluations. The Sets rows show the number
of TAS that were chosen by the participants that overlapped with TAS given by the experts, or
with �-TaggingLDA method and the respective recall measure.

Experiment II: Guided Choice Experiment III: Free Choice

Participant’s TAS 4939 - 4745 -

Se
ts �-TaggingLDA 3336 67.5% 1824 38.4%

Experts 1603 32.5% 983 20.7%
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6 Discussion

The values of recall amd precision of Evaluation I (Section 5) suggest that the informa-
tion captured by the automatic tag annotations partially agree with the expert keywords
assigned to the LO. The values are not exceptionally high, which suggest that the au-
tomatic tag annotations tend to capture di�erent information than the expert keyword
assignments. The user studies conducted in Evaluation II and III exposed how addi-
tional information captured by the automatic annotations are perceived by the learners,
and explore the usability improvements of the collaborative learning system. The re-
sults from the first user study setup (Evaluation II) clearly demonstrate the preference
of the participants for tags produced by the automatic tagging method. This means that,
the produced tags reflects better the participants’ preferences in comparison to the ex-
perts’ keyword assignments. The most probable reasons are, first, the aforementioned
problem that a tag assignment is not always clear to users other than its creator. Second,
learners usually have a viewpoint that di�ers from the experts, thus they are more prone
to avoid terms that are too specific or that they would probably not remind later. Finally,
the terms given by the automatic tagging, extracted from search results’ snippets, rep-
resent better the wisdom of the crowd since these results are originally extracted from
multiple resources. It is also important to remark that the search results themselves are
consequence of ranking algorithms that exploit collective knowledge and preferences.

In principle, the results of the second user study (Evaluation III) support the same
benefits. The goal of this phase was to prevent any possible biases in the first evaluation.
We hypothesize that, when asking a participant to tag a learning object, we are implic-
itly observing which tags the participants would use in a collaborative social learning
environment, and indirectly potential terms to query or browse for a learning object.

Bearing in mind the overall results obtained in the experiments, the most important
consideration to highlight is the potential benefits produced by the information deliv-
ered by the automatic tagging method evaluated.

7 Conclusion

We have empirically demonstrated through a series of evaluations that the proposed �-
TaggingLDA method produces quality metadata enhancement for the learning objects.
First, by experimentally comparing against existing authors’ tag annotations. Second,
by running a user study comparing the participants’ preference for automatically pro-
duced tags against the authors’ tags. Finally, a last user study that demonstrated that
�-TaggingLDA tags are the best candidate terms for assisting users in the tagging pro-
cess.

The additional metadata that was automatically generated by our method can im-
prove personal recommendations of learning objects and most notably it overcomes the
‘cold-start’ for objects that are not tagged, consequently isolated from the rest of the
folksonomy.

Our approach faces some limitations, since we depend on the external resources pro-
vided by a search engine. One implication of this shortcoming is that the collection of
the documents retrieved may not contain enough meaningful text for good topics to be
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generated. Another implication is that in some cases, there may be valuable documents
for enriching the learning resources, but the documents may not be available if they
are buried in the ”Hidden-Web”, i.e. documents that are not indexed by search engines.
One potential solution to, at least, mitigate this limitation is to use multiple and hetero-
geneous sources for building the topic model. Heterogeneity would include the use of
multiple search engines, and open information sources such as wikipedia. Future ex-
periments are needed to examine heterogeneous sources, and we consider this in future
work.

Additionally we plan to evaluate how this method could be further refined to as-
sist authors in tasks of keyword assignment by recommending them relevant terms for
the LO. Additionally we are interested in explore how automatically added tags can
be incorporated in user’s profiles and to what extent it can improve recommendations
and discovery of new items. Although our work focuses on approaching the cold start
problem, we are also interested in running an evaluation with learning objects that have
already been enriched by an active community. This would provide us valuable insights
to compare the automatic generated tags based on the general wisdom of the crowd and
the focused learning community.
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