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Abstract. Social bookmark services like del.icio.us enable easy annotation for
users to organize their resources. Collaborative tagging provides useful index
for information retrieval. However, lack of sufficient tags for the developing
documents, in particular for new arrivals, hides important documents from
being retrieved at the earlier stages. This paper proposes a spreading activation
approach to predict social annotation based on document contents and users’
tagging records. Total 28,792 mature documents selected from del.icio.us are
taken as answer keys. The experimental results show that this approach predicts
71.28% of a 100 users’ tag set with only 5 users’ tagging records, and 84.76%
of a 13-month tag set with only 1-month tagging record under the precision
rates of 82.43% and 89.67%, respectively.
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1 Introduction

Collaborative tagging is a very common application on the web. When reading
interesting documents, web users are often willing to share their understanding of the
documents with others by social annotation. Social bookmark tools [1] facilitate
flexible information organization. Consider a social bookmark service del.icio.us as
an example. It provides online resource organization tools for users, and works as an
online collection, just like "my favorites” in a local browser on our own device.
Rather than keeping “my favorite” on a local device, it also makes “my favorite”
reachable when we surf on Internet. At the same time, we can input our own short
description and tags for the resources collected as shown in Figure 1. Initially, tags
are only for one’s convenience. With the public sharing, users are able to discover
and tag their own collection by browsing others.

A resource named an URL receives more and more tags when it is bookmarked by
multiple users. Surprisingly, the freedom of annotation does not drive to chaos.
Instead, the tag distribution shows a sense of consensus over time, and the stability
reveals the collaborative behavior of users [2]. The visualization web service [3]
demonstrates the tagging activity in time. The results of social annotation can be
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Fig. 1. Scenario of social annotation

employed to social network analysis [4], semantic web construction [5], enterprise
search [6][7], and so on.

Annotation may facilitate recommendation and effective retrieval. However, not
all resources can gain the benefits from that. Ill-tagged period of URLs prevents them
from being retrieved. The retrieval performance for new-coming URLs degrades
inevitably. Thus, how to predict a quality tagging set for a resource is an important
issue. Indexing in traditional information retrieval [8] captures content of documents
for effective retrieval. It focuses on document contents only. This paper will consider
tagging records of users as additional cues. In information retrieval, spreading
activation methods have been used to expand search vocabulary and complement the
retrieved document [9]. These papers [10][11] adopt this methodology to select useful
concepts from outside resources like WordNet and ConceptNet for query expansion.
Here, we will employ it to model tag recommendation from users’ tagging records.

This paper is organized as follows. Section 2 proposes our methods. Baseline and
two alternatives of spreading activation are specified. Section 3 introduces the test
material and discusses the experimental results. Section 4 concludes the remarks.

2 Tag Prediction

Given an URL denoting a document and the tagging records T}, 15, ..., T posted by &
users, tag prediction aims to recommend suitable tags for this URL. Two possible
tasks may be done depending on whether the tagging records are available or not.

(1) Initial tagging: traditional indexing.
(2) History-based tagging: spreading activation.

In the initial tag assignment, terms of larger weights are selected from URL
address, document content, outgoing link address and content of the outgoing link,
and are regarded as recommended tags. Traditional #f-idf scheme may be adopted to
compute the weight of each term.
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In the history-based tag assignments, spreading activation triggered by tagging
records is employed. The concept of spreading activation can be explained by a natural
phenomenon. When we drop a stone in a pond, oscillation on surface transfers energy
to neighborhood, and becomes smaller and smaller in amplitude due to water resistance.
In this model, we can imagine a posted tag by a user as a stone. Its energy propagates
from the most related tags to less relevant ones. A tag has an energy level indicating its
relatedness to the posted tag. In general, a user may post more than one tag in a tagging
record. In this way, a tag may receive energy contributed from posted tags through
different paths. Tags of higher energy are selected and recommended.

In spreading activation, tags are linked as a network. Two tags are linked when they
have an association. The degree of the tag association is measured by a weight. A tag
may have n outgoing links to tags f;, o, ..., t;; with weights w;;, wp, ..., w;,. Assume e;
is an energy level of tag #;, During spreading activation, #; will keep portion of energy,
say, o - ¢; (where « is a decay factor, e.g., 0.8 in our experiments). The fraction of
energy, (1-0) - e; is distributed to the neighbor tags based on their weights. For
example, #; will receive the amount of energy, (1-@) - e; - wi/(Wy+wp+...+w;,). A tag
may have more than one incoming links, so that it may receive energy from different
neighbors. We can use mutual information to compute the association of two tags.

An energy spreading matrix [M]x. shown as follows defines how much energy is
distributed in a spreading activation cycle.

m= o when i=j;
mj= (1-6(). W,'j/(W,'1+Wi2+. . .+W,'n) when 1—'/:]

Assume E'=[¢'}, €', ..., ¢'] denotes a vector of energy levels e, ey ..., e, for tags i,
t, ..., t, after i-th user’s annotation, but before spreadmg actlvatlon After one cycle
of spreadmg actlvatlon the new energy vector E'=[e", ¢ 2, e ,l] is computed by

using the formula E"'= EXM.

During initial tagging, tags are assigned initial energy E°. Assume a tagging record
Ti=(by, by, ..., by,) is an n-tuple binary vector. Here b; is set to 1 when tag ¢ is in the i-
th user’s annotation. In this way, E= E“™V+ T, where E™"" denotes the energy vector
after (i-1)-th automatic tagging.

Spreading activation is triggered by the posted tags, and propagates energy to the
relevant tags. Two strategies, called SA and ET, are shown as follows to control the
propagation.

(1) SA: Propagation cannot out of a specific number of cycles, e.g., 3.
(2) ET: When the energy through a link is below a given threshold, e.g., 0.1, it is
too low to be propagated.

After spreading activation, the final energy is stored in each tag. Tags are sorted by
the energy, and top-p tags of higher energy are recommended.

Figure 2 illustrates the process of spreading activation by an example. Figure 2(a)
shows part of the initial tagging. The arrival of the first user’s tagging is depicted by
the dark dots in Figure 2(b). The spreading activation goes on by propagating the
energy with probability shown in Figure 2(c). The 1* propagation result is specified
by Figure 2 (d).
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Fig. 2. Illustration of spreading activation process

Algorithms 1 and 2 show two possible implementation of the tag prediction based
on these two strategies, respectively.

Algorithm 1. Spreading Activation Method with Limited Cycles
h {total tagging records}
¢ {maximum number of propagation cycles}
p {total recommendation tags}
n {total number of tags}
E' {a vector of energy levels for tags}
M {an nxn energy spreading matrix }
i=1
E° = InitialTagging()
while i <=/ do
E=E"+T,
E=ExM
j=1
while j < ¢ do
E=ExM
j=j+1
end while
i=i+1
end while
sort the 7 tags in the descending order of their energy in E"
return top-p tags
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Algorithm 2. Spreading Activation Method with Energy Threshold
h {total tagging records}
t {energy threshold}
n {total number of tags}
E' {a vector of energy levels for tags}
M {an nxn energy spreading matrix }
i=1
E° = InitialTagging()
while i <=/ do
E=E"+T,
E=ExM
block =0
repeat
j=1
while j <= n do
if E' x j-th column of M > ¢
then ¢';= E' x j-th column of M
else block =1

j=j+1
end while
until block =1
i=i+1
end while

sort the 7 tags in the descending order of their energy in E"
return top-p tags

3 Results and Discussion

3.1 Experimental Material

We collected a sample of del.icio.us data by crawling its popular feed every 30
minutes during March 27 and April 19, 2007. The data set consists of 2,475,999
taggings made by 10,109 different users on 31,025 different URLs with 125,092
different tags. For evaluation, we extract the mature URLs from the gathered data set
by the criteria [5][12], i.e., (1) a mature URL should have its tag distribution
remaining stable, and (2) a mature URL should have enough amount of tags applied
by users. In this way, we have 28,792 mature URLs for experiments.

3.2 Performance Evaluation

For each URL in the test set, we have its i-th user’s tagging record as input at the
corresponding suggestion stage. The mature tag set is considered as answer keys in
the evaluation. The tags are said to be correctly recommended when they are also
listed in the mature tag set. Conventional recall rate and precision rate are adopted to
measure the coverage and the quality of recommended tag set. Recall rate is the
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number of tags correctly recommended divided by total mature tags. Precision rate is
the number of tags correctly recommended divided by total recommended tags.

Figure 3 and Figure 4 show the recall rate and the precision rate of the proposed
methods after the 1%, 2™, 3", 4™ and 5™ user tagging records have been read. SA;
denotes energy spreads at most i cycles. ET means spreading activation controlled by
energy threshold. That is, it stops spreading when energy being propagated below a
threshold. In the experiments, 0.1 is adopted.

The recall rate of the baseline system stays around 10% even tagging record grows.
This is because the tag set proposed by the baseline system is just the union of the
initial recommendation and the tagging records collected up to now. Comparatively,
the recall rate of all the spreading activation methods improves steadily. ET strategy
is better than SA strategy. With SA strategy, even though there is still enough energy
for propagation, the spreading is stopped due to the restriction of maximum cycles.
Spreading at most 3 cycles outperforms the other four SA methods.

Because the baseline system only conservatively includes the tags provided by the
users, i.e., it performs without any expansion, its precision rate is higher than its recall
rate trivially. The precision rates of ET are the best of all the methods. Both the
precision rate and the recall rate increase when more user tagging records are posted.
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Fig. 3. Comparison of baseline and spreading activation methods from recall perspective

3.3 Coverage over Users and Time

This section discusses how many efforts our system saves from two aspects, i.e., users
and time. The spreading activation with energy threshold strategy is the best, so that
it is adopted in the latter experiments. In Figures 5 and 6, we assume the mature tag
set is achieved when 100 users are involved in social annotation. The upper line and
the lower line in Figure 5 show the recall rates of the tag prediction and the social
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Fig. 4. Comparison of baseline and spreading activation methods from precision perspective

annotation, respectively. The automatic annotation method catches up to the mature
tag set much faster than the manual annotation only. For example, the tag records of
the first 5 users occupy 20.48% of the mature tag set. In contrast, the spreading
activation method can achieve 71.28% of the mature tag set.

The precision rates of manual tagging in Figure 6 are 100%. The precision rates of
automatic tagging are also very high, i.e., from 82.43%, 89.67%, ..., to 93.42%, under
different number of user involvements. That confirms the quality of the recommended
tags. From user perspective, the tag prediction method saves 75% of human cost
under the recall rate of 71.28% and precision rate of 82.43%.
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Fig. 5. Recall rate of tagging from user perspective
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Fig. 6. Precision rate of tagging from user perspective

Figure 7 and Figure 8 show the coverage and the quality of the tag set from the
time aspect. Here the developed tag set after 13 months is regarded as mature. The
upper line and the lower line of Figure 7 denote the recall rates of the automatic
annotation and the manual annotation, respectively. In the first 0.2 month, the
corresponding coverage is 70.28% and 20.48%, respectively.  After 1 month, the
coverage of the spreading activation method increases to 84.76%. It means 12
months can be saved under the coverage of 84.76%. The precision rates shown in
Figure 8 ensure the quality of the recommended tags. They are more than 90% after
1-month social annotation.

In summary, the spreading activation method recommends high quality tags
without much delay. That makes resources searchable at the earlier stage.
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Fig. 7. Recall rate of tagging from time perspective
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Fig. 8. Precision rate of tagging from time perspective

4 Concluding Remarks

In this paper, a spreading activation method is proposed to predict the tag set of a
mature URL based on document content and users’ tagging records. The strategies of
limited cycles and energy thresholds are explored. The experimental results show that
this approach with energy threshold predicts 71.28% of a 100 users’ tag set with only
5 users’ tagging records, and 84.76% of a 13-month tag set with 1-month tagging
record under the precision rates of 82.43% and 89.67%, respectively. Users will
benefit from the retrieval performance enhanced by sufficient tags a lot earlier.
Currently, only contents of resources and annotation histories are considered. We
will investigate more cues like the categorization of resources and the link
relationships among resources to predict the social annotation in the future.
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