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Abstract. The popularity of social information systems has been driven by their
ability to help users manage, organize and share online resources. Though the
research exploring the use of tags is relatively new, two things are widely
acknowledged in the research community: (a) tags act as a medium for social
collaboration, navigation and browsing and (b) an overall stable equilibrium
exists among tag patterns due to the social nature of the tagging process. But
there is very little agreement on what causes these stable patterns. In this paper,
we take an evolutionary perspective to understand the process of tagging to
investigate whether tags act as "way finders" or digital pheromones in social
tagging systems. We investigate the existence of tag trails based on a semantic
similarity measure among existing tags. We found that over 50% of the
resources we evaluated exhibited strong trail patterns. The implications of these
patterns for the design and management of social tagging systems is discussed.

Keywords: Social Tagging Systems (STS), Stigmergy, Pheromones, Web 2.0

1 Introduction

With the widespread popularity of Web 2.0, social tagging is a common feature in
several web-based systems. Social tagging systems (STS) provide the flexibility to its
users for annotating, organizing and categorizing their information content on the web
using tags. Tags help in supporting online search, navigation, managing content and
sharing with other users who have similar interests. Examples of social systems
include del.icio.us (http://del.icio.us) (URLs), Flickr (http:/flickr.com) (for photos),
CiteULike (www.citeulike.org) (for academic papers and books). Due to its
widespread popularity and use, tagging systems contain hundreds of thousands of
users, tags and resources (URLs, photos, books etc.). Users of STS are free to create
tags at their free will and in most cases user activities are not moderated by
administrators. In this environment, one would expect relative chaos and
unstructuredness in tagging patterns. But, researchers have established that stable
tagging patterns arise in social tagging systems (e.g., [3, 8]).

The stability of tagging patterns has been attributed to a variety of reasons: social
imitation [8], semantic organization and clustering [11], information theory based




models [4], preferential attachment [3, 10], personal preferences [14], recency of tag
use [3] and a rational model [6]. The most widely accepted idea on overall tag
stability is social imitation. Researchers [8] have argued that tag equilibrium is
achieved through users’ direct imitation of tags created by other users. They suggest
that users directly use the tags that are previously created. The underlying assumption
on the occurrence of social imitation is that tags act as a medium of direct
coordination activity.

We believe that there are more subtle nuances by which users appropriate tags
(e.g., by creating tag synonyms, semantically similar tags, or some personalized form
of tags). Thus a direct imitation model may not completely explain tag pattern
equilibrium. We investigate the effect of the social medium on the coordination
practices during tagging and the role of indirect social coordination in the creation of
stable tagging patterns. We use the principles of stigmergy, a mechanism for
explaining the indirect coordination between agents (or humans), to investigate the
causes for stable patterns of tagging behavior.

Stigmergy is based on the idea that physical traces of work left by others in a
medium act as the basis for future coordination activities. The idea of stigmergy was
developed by Grassé [9] to describe the emergence of collective coordination
activities of social insects. The concept was initially used to explain the coordination
paradox in group activities: i.e., looking at a group of social insects (Grassé looked at
nest building activities of termites), it would seem that they are cooperating in an
organized manner, but looking at an individual would present the picture of
independent work and not being involved in the collective activity. The explanation
based on stigmergy for coordination paradox is that the collective interaction is
indirect [15]. In other words, the agents affect the behavior of other agents through
indirect communication using social artifacts in the physical environment. For
example, in the case of termites, nest building material; in the case of ants, ant trails
are supported by pheromones. A detailed review of stigmergy can be found in
Theraulaz and Bonabeau [15].

One of the most popular examples of stigmergy is the food tracing behavior in ant-
colonies. Ants in the real world wander randomly between the food source and their
colony. The (initial) ants leave pheromones in their trail as they move from the food
source to the colony (and vice versa). Other ants are more likely to follow the
pheromone trail rather than a random trail, thereby reinforcing a previously existing
trail. If the path to the food source is long, the pheromone trail evaporates over time.
Alternatively, ants choosing shorter paths will have their pheromone trails reinforced
by consistent ant-traffic and shorter path length. As a result of the pheromone
evaporation in longer paths, less preferred longer routes are no longer followed by
ants. But when a (random) ant finds a shorter path, other ants are likely to follow that
path resulting in an overall positive feedback along that path [5]. In this example, ants
coordinate their action through the indirect interaction with the physical medium and
pheromones act as the medium for their coordination activities.

There are many parallels between a social tagging environment and the ant-colony
described above. Users in social tagging systems are driven by their local goals that
are driven primarily by their information needs. The global behavior of the users are
emergent and occurs as they use the social tagging system. The global behavior is
spurred by the instinctive response to traces in the medium (in this case, tags). The



trail strength is developed as more users add tags that are similar to the existing tags.
This leads to later users perceiving the resource in a particular way. The comparison
between an ant colony and social tagging is shown in table 1.

Table 1. A comparison between an ant food searching pattern and social tagging

Ant Colony Social Tagging
Users searching STS for their
Local behavior Ants searching for food | information needs

Tags that are added by prior
Pheromones left on | users of a resource; tags act as
Coordinating medium trails by previous ants “digital pheromones”
Addition  of  semantically
Shorter trails have more | similar (or same) tags leads to a
ant traffic leading to | stronger strength for that tag as
Trail Strength trail strengthening a descriptor for the resource
Ants have a coordinated
shortest path trail to the | Coordinated overall global
Global behavior food source stable pattern across the STS

The concept of stigmergy is extremely relevant in the case of social tagging
activities. We believe that social tagging systems present a medium where collective
action is based on the distributed cognitive activities of a set of users. The indirect
coordination practices can be considered as the interconnecting glue for distributed
cognitive system, with users, resources and tags, creating a balance between
individual action and social phenomena. But we know very little about how these
users coordinate their tagging behavior without any direct communication. We
believe that the coordination activities are indirect and are an effect of the tagging
environment. We hypothesize that similar to the ant-colony environment, tags act as
digital pheromones, creating trails for users. The digital trails are strengthened by the
addition of semantically similar tags by other users. Specifically, we investigate the
following research questions: (a) Do tags act as “digital pheromones” to support
indirect coordination? (b) How do these trails affect the overall equilibrium in tagging
patterns?

We define a trail strength index to evaluate the strength of a trail based on the
semantic similarity between tags. Let us consider the following scenario: A user adds
a tag “network” to a paper on “Facebook use”. The tag “network™ acts as a digital
trace in the medium for future users for the paper. The addition of a new tag (or
modification of an existing) that is semantically similar to the existing tag would
mean that the existing trail for the tag “network™ is strengthened. In other words, a
new user indirectly has a general degree of collective agreement on a resource. As
more tags are added, the presence of semantically similar tags strengthens the trail in
a certain direction. Thus, if more tags similar to the tag “network” are added, the
paper becomes perceived by future users as a paper related to networks based on its
tags. Addition of tags that are not semantically related to network (e.g., a tag “food”)
would lead to lesser strength to the tag trail. Using data from the popular scholarly
social tagging system CiteULike, we investigate the development of trails in tagging
networks. We found that over 50% of the resources exhibited the strong trails, where



a digital trail was created with semantically similar tags. About 23% of the resources
had weak trails phenomena, where there was little agreement among the taggers (nor
were semantically similar tags) by later users. We describe the implications of strong
and weak trails for growth of stable patterns and discuss its importance for the design
and management of social tagging systems.

2 Process of Social Tagging

There are three main components for any tagging system: users, tags created by the
users and resources (URL, books, pictures, movies etc.) for which tags are assigned.
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Fig 1. Process of tagging: User 1 (U1) has one tag (T1) applied to one resource (R1) (blue
arrow) User 2 (U2) has one tag (T2) applied to two resources (R1 & R2) (red arrow)

The primary difference between different tagging systems is the type of resource.
Resources can be different depending on the specific purpose of the social tagging
system. For CiteULike (www.citeulike.com), a resource is an academic paper or
book, while for del.icio.us it is a web site URL. Other media such as photos and
videos have also been resources for social tagging systems. As explained earlier, a
tagging system can be represented as a tuple: users, tags and resources (see U, T, and
R in Figure 1). For example, consider that a user U1 applies tag T1 to a resource (R1)
(see blue arrows) and user U2 applies the tag T2 to two resources R1 and R2 (see red
arrows). Each of these assignments is called a tag application. Thus there are three
tag applications in this system (U1, T1, R1; U2, T2, R1; U2, T2, R2). This is the
widely accepted conceptual model of a social tagging system. Large social tagging
systems contain hundreds of thousands of such tag applications resulting in significant
interaction patterns among tags such as re-use, growth and informational value.

3 Method

In this section, the data source and the related analysis methods that were used for this
study are described.



3.1 CiteULike Tagging Data

The data for this study consisted of tagging data from the popular social tagging
system, CiteULike. CiteULike is an online social bookmarking service supporting the
storage, sharing and organization of information on research papers. It is primarily
used by researchers. CiteULike users can link papers and import references from
other scholarly digital libraries. User can also add their favorite papers to their
collection and assign tags to them. Our data consisted of tagging data from CiteULike
over a 5-month period from November, 2004 to March, 2005. In total, there were
65,347 tag applications by 1205 users and 12067 total unique tags. The source of the
data was publicly posted logs from www.citeulike.org. The data was processed to
extract the user-tag-resource relationship during this time period.

3.2 Data Analysis

One of the main challenges of large datasets from public web portals is the presence
of spam. While an analysis of all the tag applications is certainly useful, the results
would likely be spurious due to the presence of significant spam content. As a result,
we decided to process a select set of tags and manually ascertain its quality to avoid
this problem. The CiteULike tagging data for the 5 month period was organized in a
database. We then randomly selected 100 resources (books or papers) that had at least
5 tags and was tagged at least by 5 different users. This was done for two purposes.
First, we needed to have a clear time-sequence of tagging events (hence the 5 tag
application limit). Second, in order to establish the effect of indirect coordination
practices, we needed to observe the effect of previous tags on the choice of future
tags. The selected set of resources was manually evaluated to remove the spurious
tags.

After the first 100 resources were extracted along with the corresponding users,
tags and time of tags, Latent Semantic Analysis (LSA) was performed on each set
[12]. LSA is used to extract and represent similarity of word meanings by comparison
to large corpora of text. The LSA values reflect the general semantic similarity among
words. It uses singular value decomposition, a general form of factor analysis, to
condense a very large matrix of word-by-context data into a much smaller
dimensional representation. LSA, as well as variations of similar statistical language
techniques such as information scent [1, 2, 7, 13], had been successfully applied to
explain how users interpret the relevance of link text on web pages (e.g., [1, 2]). Prior
research shows significant support for the use of LSA as a method for measuring
human interpretation of relatedness in text. For our analysis, LSA was performed
using the algorithm available through the website at http://lsa.colorado.edu, using the
general reading topic space of 300 factors.

Our analysis was conducted in the following manner: the tags created by the first
user were selected. Each of these tags is compared with the rest of the tags created for
that resource. In other words, the semantic similarity of each initial tag with respect to
all the other available tags is computed. The matrix LSA comparison was used for our
analysis. For each initial tag, we then computed the average semantic similarity score
across all other available tags. We call this trail strength index (TSI). The higher the




value of TSI, greater the semantic similarity between a tag and its follow up (trailing)
tags. Lower values of trail strength indicate that successive users do not use this tag
for their tagging processes.

A Tags created by
User 1

Tags created by
User 2

Tags created by
User 3

Fig 2. Evaluating the trail strength index: If a user creates semantically related tags to pre-
existing tags, the strength of trail is increased (see dark line between T1 and T4, higher LSA
score, therefore greater trail strength). The dotted lines show lower semantic relatedness
between tags created by successive users (thus the trail strength is lower across user tagging
sessions). The trail strength in this case is for tag T1 (and its semantically related tags T4 and
T6) resulting in future user applying tags that are similar to T1 (or semantically similar).

The concept of strong and weak trails is shown in figure 2. As new tags are
created, they are compared with prior tags to evaluate their semantic relatedness. If
new tags are semantically related to previous tags, then it means users are following a
trail left by previous users (hence strengthening the trail). Thus in figure 2, the
semantic similarity between T1 (created by user 1) and T4 (created by user 2) is high
(shown by the dark line) than with other tags. This trail is strengthened further by the
addition of a new tag T6 (user 3) which is again semantically related to T1. Thus the
trail of tag T1 is strengthened leading future users to perceive that T1 is the most
appropriate tag for that resource. The dotted arrows show tag trails with lesser
semantic relatedness. It is also likely that users may follow more than one trail. In
summary, the tags that have a higher TSI score will act as trails for that resource
resulting in future users applying that tag to the resource.

4 Results

In this section we report on the results from our analysis. As explained earlier, the
analysis was conducted on 100 randomly selected resources which had more than 5
unique tags assigned to them and also had at least 5 different users tag the resource.
We use examples to show two different processes that happen during tagging: strong
trails and weak trails.

Of the 100 resources that we used for our analysis 53 of them fell in the strong
trails category, while 23 fell in the weak trails category. The rest could not be
classified into either category. That is, 76% (76/100) of the resources exhibit some
form of trail properties. These trail properties were calculated based on the semantic
relatedness between temporally sequenced tags. While strong trails were fairly
prominent and easy to identify and explain, weakening of trails was significantly



more subtle. In the sections below we present an example of strong and weak trails
based on the TSI score.

4.1 Strong Trails

Let us consider an example to explain the strong trails phenomenon. A total of 10
tags were created by 5 users (8 unique tags) for a resource (see table 2 for a sub-set of
the tags). Tags were added in the order they are presented in the table (user 1 adds the
tags “oscillations” and “synchronization”; then user 2 add the tag “oscillations”, etc.).
The trail strength index was computed by comparing each of the first two tags to the
rest of the tags that were created for the resource over the five month period. Table 2
shows the computed LSA scores (and the tag trail strength index) for the two tags
created by the first user.

Table 2. Average latent semantic indices for the first and second tags created by the first user
for a resource are computed..

Oscillations (User 1)  Synchronization (User 1)

Oscillations (User 2) 1 0.22
Biochemical (User 3) 0.07 0.08
Bioelectronics (User 3) 0.42 0.19
Networks (User 3) 0.04 0.23
Dynamics (User 4) 0.18 0.12
Oscillations (User 4) 1 0.22
Oscillators (User 4) 0.51 0.23
Trail Strength Index 0.46 0.19

Two important deductions can be made: (a) the first tag (“oscillations”) or a highly
semantically related (or similar) tag is used by future users (except User 3, who
creates two tags unrelated to previous tags and one tag (“bioelectronics”) which is
semantically similar to pre-existing tags) leading to a fairly strong trail (avg. score
=0.46, in spite of a user creating semantically unrelated tags). Thus a fairly strong
“tag-trail” exists for this resource with the tag “oscillations” and (b) the second tag
(“synchronization”) has low semantic relatedness with other tags and it does not show
decay or strengthening across all users. It is difficult to draw anything conclusive
about the trail strength of the second tag.

Strong tag trails occurs by the addition of tags that are similar (or same) as the
original tag. In the case of this resource, there is a stronger “tag-trail” for the tag
“oscillations”. Similar to the case of ants where pheromones act as a mechanism for
tracing food-trail paths, strong tag trail, in terms of the semantic relatedness between a
group of tags, acts as probable guidance for future users. While, it is possible to say
that “oscillations” act as a digital trace (or pheromone trail) we cannot establish this
unless we investigate its trail over a longer period of time. For this, we extracted all
the tags that were created for this resource over the next 24 months. The next eight
tags that were created for this resource were the following: oscillation, network,
vibration, test, bio, frequency, oscillator, and connections. If the trail strength that has
been originally established for the tag “oscillation” is strong, then more users are



likely to add a tag that is semantically related to it. For this we computed the LSA
scores for the six tags that were created after the 5 month period. The mean LSA
score for this set was 0.39 (the TSI score). This means that the trail of the tag
“oscillator” was significantly strong and thus it is likely for other users to apply this
tag (or a semantically related tag).

4.2 Weak Trails

Weakening of tag trails is the opposite of trail strengthening, i.e., the effects of tags
that are created during the early phases of tagging have no effect on the more recent
tags. In other words, there is no semantic relatedness between tags created earlier and
recent tags. As with strong trails, we use an example to demonstrate the weakening of
tag trails. As it can be noted from table 3, the initial tags that are created by user 1
(collaboration and computer-mediated) have very little semantic similarity with future
tags. There does not seem to be any semantic relationship between the tags created by
the first user and the ensuing tags (the TSI score for tag “collaboration” was 0.03; TSI
for tag “computer-mediated” was 0.07). We also did not find any significant semantic
relationships between the tags created by the second user and the third user to the later
tags.

Table 3. Decaying trail strength index. This resource had more tags but some of these tags
did not have LSA documentation (e.g., folksonomy, blog) so they are not shown in this list.

Computer-
Collaboration (User 1) Mediated (User 1)
Psychology (User 2) 0.01 0.04
Social (User 2) 0.13 0.00
Email (User 2) 0.00 0.00
Technology (User 3) 0.03 0.31
Group (User 4) 0.04 0.01
Psychology (User 4) 0.01 0.04
Communication (User 5) 0.03 0.09
Trail Strength Index 0.03 0.07

Similar to strong trails, we investigated whether any of the tags created over the
following 24 months had semantic similarity to these tags. Based on the set of next 8
tags, we found that there were no pairs of tags that had a tag trail index score greater
than 0.1. This means that in the case of weak trails, the tags are semantically “spread”
without any clear paths or trails. In such resources, the medium creates a divergence
of ideas and concepts. A users’ tagging choice becomes less clear in such resources.

5 Discussion

Based on the analysis of data from a social tagging system, we identified the role
of tags as digital pheromones, amplifying a significant number of resources with



strong tag trails. Resources with strengthened trails exhibit clear “themes” for a
resource, while the resources with weak trails had divergent tags without clear
“themes” that identify the resource. While it is almost impossible to ascertain the
accuracy of the themes in resources with strong trails, it is still a useful benchmark for
users who have limited expertise and experience with a topic.

Based on our analysis we found the following: (a) Digital traces of tags are a
function of social and semantic imitation. Tag imitation may not be direct, as
described by Golder and Huberman [8], but in a more nuanced, semantic manner. (b)
Stronger trails do not imply higher informational value for the tags. Tags are
generally used in social navigation and search. If a resource has high tag-trail
strength, it means that those tags are likely to be general descriptors of the resource
and would be highly unlikely to have high informational value during search. (c)
There is also the possibility that the tags that act as pheromones (with high tag-trail
strength) could not be the best descriptor of the resource (possibly by the lack of or
incomplete knowledge of the tag creator). This is a real possibility and could lead to
spurious tags for the resource. Conversely, resources that have weak trails are likely
to have tags with high informational value (i.e., able to uniquely identify a resource).
Lower tag-trail strength is often a function of the nature of the tag (general vs.
specific).

Additionally, it is possible to draw some interesting insights on tagging patterns
based on the presence of strong and weak tag trails. The resources that have tags with
strong trails are exhibit convergence of ideas and are likely to converge to a stable
equilibrium much faster. This is because the tags that are added to strengthen the trail
(semantically related tags) are concepts and ideas that are closely related to a central
theme. One important aspect of trails which cannot be explored with a general dataset
such as the one we used is to investigate the effect of expertise on the tag strength. It
is likely that users’ with lesser knowledge on a topic that create general tags or use
their limited knowledge to create tags (resulting in semantically related tags). The
creation of semantically related tags by users with lesser expertise or knowledge
could also be explained based on the principle of least effort. In other words, adding
existing tags (or semantically similar tags) involves less cognitive effort. Users,
thereby take the easiest path of adding new tags.

In contrast, resources with weaker trails have tags that are semantically distributed
or spread. It is more likely that these tags would converge at a much lower rate and
are likely to be very specific (e.g., in our example, “computer-mediated”). These tags
have higher informational value for search and navigation purposes.

The identification of strong and weak trails has implications for the design of
social tagging systems. First, it is easy for system administrators to identify resources
that have strong trails. These can be identified as resources which are less likely to be
reached by users and salient tags that are not on the tag-trail can be amplified to help
users in their search. Second, resources with weak trails should be amplified with tags
in multiple directions to support search and retrieval. This is because these resources
would otherwise not be discoverable by a large percentage of users who do not know
the specific keywords.

Based on our current study, it is difficult to emphatically establish that stable
equilibrium in social tagging systems is caused as a result of indirect coordination
mechanisms achieved through the creation of semantically related tag-trails. But the



use of semantically tags during tagging is evident (in the case of strong trails). We
need to conduct more analyses to explore whether the tags that cause tag trails
contribute more towards overall equilibrium than tags that have lower tag-trail
strengths. Our results show that indirect coordination using tags is a strong basis for
the explanation of social tagging systems as distributed cognitive systems.
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